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On the homepage of the course I recommend a couple of good text-
books. The purpose of this handout is to give you some support dur-
ing the course, but not to replace any of these textbooks. This handout
will also contain numerous mistakes. If this still does not scare you off,
please read on :-)

Overview Aim of the course: you should be able to apply nonlinear models /
choice models

• Maximum Likelihood

• Nonlinear Regressions

• Discrete-Choice-Models

• Count Data

• Survival Models

Literature

• William Greene, Econometric Analysis, Prentice Hall, 7th Edition, 2011.

• Michael Murray; Econometrics, a Modern Introduction; Pearson 2006

• Christian Gourieroux and Alain Monfort, Statistics and Econometric Mod-
els, Vol. 1, Cambridge, 1995.

• John K. Kruschke , Doing Bayesian Data Analysis: A Tutorial with R, JAGS,
and Stan. Academic Press, 2nd Edition, 2014.

Examples The examples in the course will be based on R. Let us compare R with
alternative packages:

• R

– gratis and libre

– wide scope

– well documented (documentation is often not gratis)

– homogeneous structure

– “hip”

– Sweave allows to keep code in the paper

• SAS, STATA, EViews, TSP, SPSS,. . .
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– more specialised

– more fragmented structure

– neither gratis nor libre

∗ You do not want to recode everything everytime you change your
workplace.

∗ You do not want your code seized as a hostage by your employer.

1. Introduction

1.1. Economic relationships

Let us collect a few economic relationships

Discrete choice models, qualitative response (QR) models

number of patents count data
labor force participation qualitative (binary) choice
consumption qualitative choice
opinions given on Likert scales (strongly
disagree, disagree, indifferent, agree,
strongly agree)

ordered choice

field of study unordered choice

1.2. Digression: Notation

We will illustrate most of our examples with R. The input will be shown with a
vertical bar on the left, and the output will be shown in a frame, like this:

1+1

[1] 2

To accomodate those of you how are already familiar with Stata, we will also
(sometimes) have a look at the Stata notation. Stata input will be shown like this:

display 1+1

In any case it is strongly recommended that you try out the code yourself.



6
c ©

O
li

v
er

K
ir

ch
k

am
p

6 March 2015 18:27:18

2. Estimation of Parameters

2.1. Estimations based on real world data

Let us do something that we already know. Let us run an OLS regression.
Very often we estimate parameters like this:

library(Ecdat)

data(Caschool)

lm (testscr ~ str,data=Caschool)

Call:

lm(formula = testscr ~ str, data = Caschool)

Coefficients:

(Intercept) str

698.93 -2.28

This is interesting if we want to learn something new about the data (or the
world). However, with data from the real world we learn not much about our
estimation techniques. Are they precise, efficient, consistent, etc.?

These properties can be visualised, if we first simulate a given relationship and
then estimate it. We will do this with more complicated models later, but first we
will use simple OLS.

2.2. Estimations based on simulated data

Assume that the true relationship is

y = 12+ 4.7x+ e

where u ∼ N(0, 13)
We want to draw 100 samples where x is taken from N(0, 1). In a first step we

initialise our random number gernerator:

set.seed(123)

We then store 100 randomly drawn values for x and the error term e in two
vectors x and e. We also calculate our dependent variable y and store it in a vector
y

x <- rnorm(100)

e <- rnorm (100)

y <- 12 + 4.7 * x +13 * e

Estimating a linear model can be done with the command lm. We store the esti-
mation result in a variable yx.lm. This variable is actually an object that contains
a lot of information regarding the regression.



2 ESTIMATION OF PARAMETERS 7

c ©
O

li
v

er
K

ir
ch

k
am

p

yx.lm <- lm(y ~ x )

To have a brief look at this object, we can say

yx.lm

Call:

lm(formula = y ~ x)

Coefficients:

(Intercept) x

10.66 4.02

A more detailed summary can be obtained with

summary(yx.lm)

Call:

lm(formula = y ~ x)

Residuals:

Min 1Q Median 3Q Max

-24.80 -8.89 -1.14 7.55 42.78

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) 10.66 1.27 8.41 3.4e-13 ***

x 4.02 1.39 2.89 0.0047 **

---

Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Residual standard error: 12.6 on 98 degrees of freedom

Multiple R-squared: 0.0786,Adjusted R-squared: 0.0692

F-statistic: 8.36 on 1 and 98 DF, p-value: 0.00472

If we are interested in a single coefficient of the model (as we will be below) we
use the exctractor function coef (the function is called “extractor function” since
it extracts something from an object, here a coefficient).

coef(yx.lm)

(Intercept) x

10.664 4.018

confint(yx.lm)

2.5 % 97.5 %

(Intercept) 8.147 13.180

x 1.261 6.775
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There are more “extractor functions”, like AIC, plot, predict,. . .

The function plot can give us a scatterplot of y over x (actually, the function
plot can do a lot more, we will see this later in the course). The function abline

draws lines, here it draws the estimated regression line.

plot(y ~ x)

abline(yx.lm)

-2 -1 0 1 2

-1
0

0
10

20
30

40
50

x

y

Since we will talk about residuals below, let us also have a look at the residuals
of this regression:

plot(yx.lm,which=1)
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Of course, the same result can be obtained with many other packages. Here is
the same exercise in Stata. In contrast to R, Stata can have only a single dataset at
a time in its memory. To create a new dataset in Stata, we have to delete the old
dataset and specify the number of observations in the new dataset:

drop _all

set obs 100

As above, we set the starting value for the random number generator and create
our variables x, e, and y. Stata does not immediately provide random numbers
that follow a normal distribution, but it is possible to derive them from uniformly
distributed random numbers.

set seed 123

gen x=invnormal(uniform())

gen e=invnormal(uniform())

gen y=12 + 4.7 * x + 13 * e

Stata also does not allow to store estimation results in specific variables, hence the
regression command is a bit shorter. As you will see, Stata implicitely assumes
that we want to see a summary of the results.

reg y x

Nevertheless, not all is lost. Stata always stores some results of the last com-
mand in three lists, ereturn, return, and sreturn. The coefficients are stored in
ereturn. We can get the coefficient with the following sequence of commands:

ereturn list

matrix coeff=e(b)

display coeff[1,1]
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As in R, also Stata can draw a scattergram.

twoway scatter y x

predict yhat

twoway (line yhat x) (scatter y x)

We should note that the regression line in the Stata diagram is constructed in
an inefficient way — Stata actually draws 99 connecting segments which go back
and forth over the diagram. It is possible to fix this, though, but we leave this as
an exercise.

What we have learned so far

R STATA

generating random
numbers

rnorm()

set obs...

gen ...= invnormal(

uniform() )

plotting plot() twoway scatter, twoway line

OLS lm() reg

getting results <-
ereturn list, return list,

sreturn list

Difference between R and STATA

R STATA

datatypes
characters, numbers, vectors,
matrices, arrays, dataframes,
lists, objects

macros, scalars, matrices(1), ma-
trices(2), dataframe

languages 1 language (object oriented)

3 languages:

• for dataframes

• for matrices (1)

• MATA (for matrices (2))

limits
231−1 vector length, Unix:
128Tb, MSWindows: ∼2Gb

IC: 1 dataframe, 2047 variables,
800 mat.size, 255 string size, 1
core

Now let us do many regressions
(here we do it to simulate many estimations, in other applications we may want

to estimate microbehaviour for each entity separately)
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To do that, let us first write a function that handles one regression for us. Note
that this function takes an argument which is not used at all in the function. The
argument is just a dummy that allows to use sapply. Nevertheless the function
returns something, namely the estimated coefficients.

myReg <- function (zz) {

x <- rnorm(100)

e <- rnorm (100)

y <- 12 + 4.7*x +13 * e

coef(lm(y ~ x ))

}

Now let us apply this function once.

myReg(1)

(Intercept) x

11.606 4.062

And now we apply this function 500 times (i.e. we apply it to the list of all
numbers from 1 to 500. This gives us a list of 500 estimation results which we
store in coeffs).

coeffs <- sapply(1:500,myReg)

Next we plot this list as a scattergram. We have to transpose coeffs with t

since plots expects a matrix with two columns (when we ask it to plot a matrix).
Also cov expects a matrix with two columns.

plot(t(coeffs))

abline(h=4.7)

abline(v=12)

emean<-apply(coeffs,1,mean)

points(t(emean),col="red",pch=20)

library(ellipse)

lines(ellipse(cov(t(coeffs)),centre=emean),lty=2)
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Let us briefly see, how this could be done in Stata:

capture program drop myReg

program define myReg

drop _all

quietly set obs 100

gen x=invnormal(uniform())

gen e=invnormal(uniform())

gen y=12 + 4.7*x +13 * e

quietly reg y x

end

capture matrix drop coeffs

set matsize 500

foreach i of numlist 1/500 {

myReg

matrix coeffs=nullmat(coeffs)\e(b)

}

matrix list coeffs

drop _all

svmat coeffs

twoway scatter coeffs1 coeffs2,yline(4.3) xline(12)

I do not know how to draw the ellipse in Stata — it is certainly possible some-
how. If somebody knows, please tell me.

2.3. Digression: Accessing specific variables in specific dataframes

Often we refer in R or in Stata to a part of a dataframe.



2 ESTIMATION OF PARAMETERS 13

c ©
O

li
v

er
K

ir
ch

k
am

p

2.3.1. Accessing certain variables from a dataframe

In R dataframes can be seen as lists. As such, a variable in a dataframe can be
addressed with list notation.

Different from Stata, R has several dataframes in memory at the same time. We
have to specify dataframe and variable:

dataframe$column

dataframe[["column"]]

dataframe[,"column"]

where column is the name of the variable. The two notations are equivalent. The
first is shorter, the second is convenient for programming if "column" is not fixed
but something that changes, an expression or a variable. So we could actually
write

x <- "column"

dataframe[[x]]

But this is more advanced and you should not worry if you find this confusing.
Finally, we could also use the notation that selects (named) columns from a

matrix:

dataframe[,x]

Many functions in R have a data option. This option allows to specify a dataframe
that is first searched for names which are used as arguments for the function. E.g.,
in the following

lm (y ~ x, data=dataframe)

the variables y and x are first used in dataframe
When we repeatedly want to use different variables from always the same

dataframe, with can be helpful:

with(dataframe, lm(y ~ x) )

with makes sure that names like x and y are first searched in the namespace of
dataframe.

Sometimes we want to execute even several statements within the context of
one dataframe

with(dataframe,{ z <- lm (x ~ y)

print(z)

z2 <- lm (log(x) ~ log(y))

print(z2)

} )
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Again, with makes sure that names like column1 and column2 are first searched
in the namespace of with.

If, for some reason, we want to change a dataframe, within is helpful:

dateframe2 <- within(dataframe,{ x <- x + 2

y <- y - 2 * x

x <- NULL } )

within first changes x and y within a copy of dataframe (the original remains
unchanged) and then assigns this copy to dataframe2.

Finally, we can move a dataframe into the foreground with attach:

attach(dataframe)

lm( y ~ x)

detach(dataframe)

Since Stata only knows a single dataframe at a time, we have fewer options
there. Dataframes are always loaded from disk with use

use dataframe

and then they are ready to use. Names of variables always refer to the current
dataframe.

reg y x

Also assignments always modify the current dataframe

gen z = x + y

If you want to change other dataframes in Stata, you have to save the current
dataframe somewhere (at least if you want to come back to it), load the other
dataframe, modify it, save it back, and revert to the previous dataframe.

Hence, generating a new dataframe from a present dataframe requires some
planning with Stata since the two can never coexist. Small new dataframes can
first be stored in a matrix. Larger dataframes can be created as a file on disk and
appended sequentially. As long as the new dataframe is certainly smaller than the
present one, it is also possible to add a few columns to the present dataframe as a
“temporary” store for the new dataframe.

2.3.2. Accessing subsets of a dataframe

If we want to access only a subset of a dataframe in R then use the function subset

subset(y, x>5)
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returns the part of the vector or matrix or dataframe y where the values of x are
larger then 5. Many functions also have a subset option.

lm(y ~ x, subset = x>5)

In Stata if does the same job:

keep if x>5

reg y x if x>5

2.3.3. Digression: Fixed-Effects, Random-Effects, Mixed-Models

yj = βXj + uj with uj ∼ N(0,σ2In)

Now there are i ∈ {1 . . .M} groups of data, each with j ∈ {1 . . . ni} observations.
Groups i represent one or several factors.

yij = βXij + γiZij + uij with γi ∼ N(0,Ψ),uij ∼ N(0,Σi)

• Fixed effects: The researcher is interested in specific effects β. The researcher
does not care/is ignorant about the type of distribution of β. If β is a big
object, estimation can be expensive.

• Random effects: The researcher only cares about the distribution of γ. It
is sufficient to estimate only the parameters of the distribution of γ (e.g. its
standard deviation). This is less expensive/makes more efficient use of the
data.

• Mixed model: includes a mixture of fixed and random factors

2.4. The Bayesian Approach

2.5. An alternative: The Bayesian Approach

P(θ)︸︷︷︸
prior

· P(X|θ)︸ ︷︷ ︸
likelihood

· 1

P(X)
= P(θ|X)︸ ︷︷ ︸

posterior

Remember the regression we did above:

lm (testscr ~ str,data=Caschool)

Call:

lm(formula = testscr ~ str, data = Caschool)

Coefficients:

(Intercept) str

698.93 -2.28
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How can we do the same the Bayes’ way?
Here we use a numerical approximation to calculate the Bayesian posterior dis-

tribution for the mean of testscr. We employ the Gibbs sampler jags (which is
similar to Bugs).

The first lines specify the stochastic process (y[i] ~ dnorm(mu,tau)), the next
lines specify the priors. Here we use “uninformed priors”, mu ~ dnorm (0,.0001)

means that mu could take almost any value. The precision of the normal distribu-
tion (0.0001) is very small.

library(runjags)

modelX <- ’model {

for (i in 1:length(y)) {

y[i] ~ dnorm(beta0+beta1*x[i],tau)

}

beta0 ~ dnorm (0,.0001)

beta1 ~ dnorm (0,.0001)

tau ~ dgamma(.01,.01)

sd <- sqrt(1/tau)

}

}’

bayesX<-run.jags(model=modelX,data=list(y=Caschool$testscr,x=Caschool$str),

monitor=c("beta0","beta1","sd"))

Calling the simulation using the parallel method...

Following the progress of chain 1 (the program will wait for all chains to finish before continuing):

Welcome to JAGS 3.4.0 on Sat Feb 28 08:57:10 2015

JAGS is free software and comes with ABSOLUTELY NO WARRANTY

Loading module: basemod: ok

Loading module: bugs: ok

. . Reading data file data.txt

. Compiling model graph

Resolving undeclared variables

Allocating nodes

Graph Size: 1673

. Reading parameter file inits1.txt

. Initializing model

. Adapting 1000

ERROR: Model is not in adaptive mode

. Updating 4000

-------------------------------------------------| 4000

************************************************** 100%

. . . . Updating 10000

-------------------------------------------------| 10000

************************************************** 100%

. . . Updating 0

. Deleting model

.

All chains have finished

Simulation complete. Reading coda files...

Coda files loaded successfully

Calculating the Gelman-Rubin statistic for 3 variables....
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The Gelman-Rubin statistic is below 1.05 for all parameters

Finished running the simulation

Digression: an uninformed prior for β, beta ˜ dnorm(0,.0001)

precision<-.0001

x<-seq(-10000,10000,500)

xyplot(pnorm(x,0,1/precision) ~ x,type="l",xlab="$\\beta$",ylab="$F(\\beta)$",ylim=c(0,1))

β

F
(β

)

0.2

0.4

0.6

0.8

-10000 -5000 0 5000 10000

The prior distribution for µ (i.e. dnorm(0,.0001)) assigns (more or less) the
same a-priori probability to any reasonable value of µ.

Digression: an uninformed prior for σ = 1/
√
τ, tau˜dgamma(.01,.01):

s<-10^seq(-1,4.5,.1)

x<-1-pgamma(1/s^2,.01,.01)

xyplot(x ~ s, scales=list(x=list(log=T)), xscale.components = xscale.components.fractions,xlab=
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σ
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JAGS gives us now a posterior distribution for µ and for the standard deviation
of testscr.

plot(bayesX,var="beta1",type=c("trace","density"))

Producing 2 plots for 1 variables to the active graphics device

(see ?runjagsclass for options to this S3 method)
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plot(bayesX,var="sd",type=c("trace","density"))

Producing 2 plots for 1 variables to the active graphics device

(see ?runjagsclass for options to this S3 method)
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Iteration
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sd
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4
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6

16 17 18 19 20 21 22

summary(bayesX)

Iterations = 5001:15000

Thinning interval = 1

Number of chains = 2

Sample size per chain = 10000

1. Empirical mean and standard deviation for each variable,

plus standard error of the mean:

Mean SD Naive SE Time-series SE

beta0 691.257 8.4566 0.059797 0.780009

beta1 -1.893 0.4291 0.003034 0.039816

sd 18.626 0.6516 0.004607 0.004644

2. Quantiles for each variable:

2.5% 25% 50% 75% 97.5%

beta0 674.15 685.620 691.43 697.338 706.870

beta1 -2.68 -2.201 -1.90 -1.605 -1.021

sd 17.40 18.178 18.61 19.053 19.951

Comparison with the frequentist approach: The “credible interval” which can
be obtained from the last line of the summary is very similar to the confidence
interval from the frequentist approach.

Credible interval:

2.5% 97.5%

beta0 674.14990 706.870050
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beta1 -2.67978 -1.021076

sd 17.40420 19.950805

Confidence interval:

2.5 % 97.5 %

(Intercept) 680.32313 717.542779

str -3.22298 -1.336637

Also the estimated mean and its standard deviation are very similar to mean
and standard error of the mean from the frequentist approach.

Priors: uninformed / mildly informed / informed Are “uninformed” priors rea-
sonable?

Example:
You measure the eye colour of your fellow students. You sample 5 students and
they all have blue eyes.
→ 100% of your sample has blue eyes. You have no variance. How many of the

remaining students will have blue eyes? Can you give a confidence interval?

Informed priors Above we used (similar to the frequentist approach) an “unin-
formed prior”. Here we will assume that we already know something. Actually,
we will pretend that we already did a similar study. That study gave us results
of similar precision but with a different mean. Here we pretend that our prior
distribution for µ is dnorm(664,1). Everything else remains the same.

library(runjags)

modelI <- ’model {

for (i in 1:length(y)) {

y[i] ~ dnorm(beta0+beta1*x[i],tau)

}

beta0 ~ dnorm (0,.0001)

beta1 ~ dnorm (-4,4) #<-- here is the information!

tau ~ dgamma(.01,.01)

sd <- sqrt(1/tau)

}

}’

bayesI<-run.jags(model=modelI,data=list(y=Caschool$testscr,x=Caschool$str),

monitor=c("beta0","beta1","sd"))

Calling the simulation using the parallel method...

Following the progress of chain 1 (the program will wait for all chains to finish before continuing):

Welcome to JAGS 3.4.0 on Sat Feb 28 08:57:17 2015

JAGS is free software and comes with ABSOLUTELY NO WARRANTY

Loading module: basemod: ok

Loading module: bugs: ok
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. . Reading data file data.txt

. Compiling model graph

Resolving undeclared variables

Allocating nodes

Graph Size: 1675

. Reading parameter file inits1.txt

. Initializing model

. Adapting 1000

ERROR: Model is not in adaptive mode

. Updating 4000

-------------------------------------------------| 4000

************************************************** 100%

. . . . Updating 10000

-------------------------------------------------| 10000

************************************************** 100%

. . . Updating 0

. Deleting model

.

All chains have finished

Simulation complete. Reading coda files...

Coda files loaded successfully

Calculating the Gelman-Rubin statistic for 3 variables....

The Gelman-Rubin statistic is below 1.05 for all parameters

Finished running the simulation

plot(bayesI,var="beta1",type=c("trace","density"))

Iteration
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-4.0 -3.5 -3.0 -2.5 -2.0 -1.5

summary(bayesX)$quantiles[,c("2.5%","97.5%")]

2.5% 97.5%

beta0 674.14990 706.870050
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beta1 -2.67978 -1.021076

sd 17.40420 19.950805

summary(bayesI)$quantiles[,c("2.5%","97.5%")]

2.5% 97.5%

beta0 699.280950 725.140350

beta1 -3.613074 -2.309257

sd 17.411895 19.954908

We see that the informed prior has shifted the posterior away from the previous
results. The new results are now somewhere between the ones we got with an
uninformed prior and the new prior.

Comparison: Frequentist versus Bayesian approach

Frequentist: Null Hypothesis Significance Testing (Ronald A. Fisher, Statistical
Methods for Research Workers, 1925, p. 43)

• X← θ, X is random, θ is fixed.

• Confidence intervals and p-values are easy to calculate.

• Interpretation of confidence intervals and p-values is awkward.

• p-values depend on the intention of the researcher.

• We can test “Null-hypotheses” (but where do these Null-hypotheses come
from).

• Not good at accumulating knowledge.

• More restrictive modelling.

Bayesian: (Thomas Bayes, 1702-1761; Metropolis et al., “Equations of State Cal-
culations by Fast Computing Machines”. Journal of Chemical Physics, 1953.)

• X→ θ, X is fixed, θ is random.

• Requires more computational effort.

• “Credible intervals” are easier to interpret.

• Can work with “uninformed priors” (similar results as with frequentist statis-
tics)

• Efficient at accumulating knowledge.
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• Flexible modelling.

Most people are still used to the frequentist approach. Although the Bayesian
approach might have clear advantages it is important that we are able to under-
stand research that is done in the context of the frequentist approach.

How the intention of the researcher affects p-values Example: Multiple testing
(this is not the only example).

Assume a researcher obtains the following confidence intervals for different
groups (H0 : θ = 0)

Groups

θ

-4

-2

0

2

4

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

A researcher who a priori only suspects group 16 to have θ 6= 0 will find (cor-
rectly) a significant effect.

A researcher who does not have this a priori hypothesis, but who justs carries
out 20 independent tests, must correct for multiple testing and will find no sig-
nificant effect. After all, it is not surprising to find in 5% of all samples a 95%
confidence interval which does not include the Null-hypothetical value.

3. Binary choice

3.1. Example

3.1.1. A binary dependent variable

A teacher has 100 students and devotes a random effort x ∈ [0, 1] to each of them.
Student qualification qual depends on the effort and a random component e

which is N(0,σ).



24
c ©

O
li

v
er

K
ir

ch
k

am
p

6 March 2015 18:27:18

Students pass the final exam (Y = 1) when their qualification is larger than a
critical value crit.

Y = 1⇔ x+ e > crit

True relationship:

Pr(Y = 1|x) = F(x,β)

Pr(Y = 0|x) = 1− F(x,β)

The teacher knows the structure of the process F(), but not its parameters β.
The teacher is interested in knowing the critical effort that must be invested in the
student such that, net of the random component, the student passes.

Let us first define a few variables, in particular our vector of random efforts x.

N <- 100

sigma <- .1

crit <- .3

set.seed(453)

x <- sort(runif(N))

Using a sorted vector x will help us in our plots later. Below we see a his-
togram of x. An alternative way to look at the distribution of x is the cumulative
distribution function.

histogram(x)

ecdfplot(x)
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Let us next add some random noise e to the effort x of the teacher and determine
the (unobservable) qualification qual as well as the (observable) exam result y:
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e <- sigma * rnorm(N)

qual <- x+e

plot (x,qual,pch=4)

abline(h=crit,lty="dotted")

y <- ifelse(qual>crit,1,0)

points(y ~ x, pch=1)

legend("bottomright",c("latent","observed"),pch=c(4,1))
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3.1.2. Try to estimate the relationship with OLS

Pr(Y = 1|x) = F(x,β)

Pr(Y = 0|x) = 1− F(x,β)

With OLS we might be tempted to use

F(x,β) = x ′β

and then estimate

y = x ′β+ u

Why is this problematic?

• E(u|X) 6= 0 for most X

• predictions will not always look like probabilities
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or <- lm ( y ~ x)

plot (qual ~ x,pch=4,main="OLS estimation")

abline(h=crit,lty="dotted")

points(y ~ x, pch=1)

abline(or,lty=2)

legend("bottomright",c("latent","observed","OLS"),pch=c(4,1,-1),lty=c(0,0,2))

plot(or,which=1,main="Residuals of the OLS estimation")
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We see two problems with OLS.

• E(u|X) 6= 0 for most X

• x ′β does not stay in [0, 1], predictions do not always look like probabilities

Let us start with the second problem:

3.1.3. A problem with OLS

How can we make sure that x ′β stays in [0, 1] ?

Pr(Y = 1|x) = F(x,β)

Pr(Y = 0|x) = 1− F(x,β)

Trick, find a monotonic F̂ such that F(x,β) = F̂(x ′β) with

lim
x ′β→+∞

Pr(Y = 1|x) = 1

lim
x ′β→−∞

Pr(Y = 1|x) = 0
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Any continuous distribution function would do.
A common distribution function is, e.g. the standard normal distribution. In

R we call this function pnorm. Another possible function is the logistic function
ex

1+ex

plot(pnorm,-5,5,main="probit",ylab="f(x)")

plot(function(x) {exp(x)/(1+exp(x))},-5,5,main="logistic",ylab="f(x)")
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x
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x

)

Since the logistic function has a couple of convenient properties, we will use it
frequently and, hence, it also has a special name in R, we call it plogis. Instead of
writing down the complicated formula, we could have said

plot(plogis,-5,5,main="logistic",ylab="f(x)")

Less common functions are the Weibull model and the the Weibull distribu-
tion. . .

plot(function(x) {exp(-exp(x))},-5,5,main="Weibull Model",ylab="f(x)")

plot(function(x) {pweibull(x,shape=2)},-5,5, main="Weibull Distribution",ylab="f(x)")

-4 -2 0 2 4

0.
0

0.
4

0.
8

Weibull Model

x

f(
x

)

-4 -2 0 2 4

0.
0

0.
4

0.
8

Weibull Distribution

x

f(
x

)



28
c ©

O
li

v
er

K
ir

ch
k

am
p

6 March 2015 18:27:18

. . . the log-log Model or the Cauchy distribution . . .

plot(function(x) {1-exp(-exp(x))},-5,5,main="log-log Model",ylab="f(x)")

plot(function(x) {(atan(x)+pi/2)/pi},-10,10,main="Cauchy",ylab="f(x)")
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which is again so convenient that it has a special name in R, cauchy

plot(pcauchy,-10,10,main="Cauchy",ylab="f(x)")

So let us apply, e.g. the logistic function to our problem. This is no longer done
with lm, now we need a generalised linear model. These models are provided in
R in a special library survival

(lr <- glm( y ~ x,family=binomial(link="logit")))

Call: glm(formula = y ~ x, family = binomial(link = "logit"))

Coefficients:

(Intercept) x

-5.58 18.48

Degrees of Freedom: 99 Total (i.e. Null); 98 Residual

Null Deviance: 125

Residual Deviance: 30 AIC: 34

Let us compare, in a graph, the OLS model and the logistic model:

plot (qual ~ x,pch=4,)

abline(h=crit,v=crit,lty="dotted")

points(y ~ x, pch=1)

abline(or,lty=2)

lines(fitted(lr) ~ x, lty=3)

legend("bottomright",c("latent","observed","OLS","logistic"),

pch=c(4,1,-1,-1),lty=c(0,0,2,3))
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The glm function is rather flexible. We used to do OLS with lm, but we can also
do this with glm. Let us first do OLS with lm

lm( y ~ x)

Call:

lm(formula = y ~ x)

Coefficients:

(Intercept) x

0.0626 1.2001

Now we do the same with glm

glm( y ~ x)

Call: glm(formula = y ~ x)

Coefficients:

(Intercept) x

0.0626 1.2001

Degrees of Freedom: 99 Total (i.e. Null); 98 Residual

Null Deviance: 21.8

Residual Deviance: 7.5 AIC: 30.7

The estimated coefficients are the same. But what happened to the long list
of parameters we had previously in glm when we estimated the logistic model.
Actually, glm always has default values for its parameters. We could as well have
said
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glm( y ~ x,family=gaussian(link="identity"))

Call: glm(formula = y ~ x, family = gaussian(link = "identity"))

Coefficients:

(Intercept) x

0.0626 1.2001

Degrees of Freedom: 99 Total (i.e. Null); 98 Residual

Null Deviance: 21.8

Residual Deviance: 7.5 AIC: 30.7

and obtain the same result. The family argument indicates the type of the distri-
bution of the dependent variable.

3.2. Families and links

Remember that we could write the OLS model with a standard normal distributed
error term

Y = β ′X+ ǫ and ǫ ∼ N(0,σ2)

also as

Y ∼ N︸︷︷︸
family



β ′X︸︷︷︸
link

,σ2





Similarly, with the logistic model we said

Pr(Y = 1|x) = F(X ′β)

but we can also write

Y ∼ binom︸ ︷︷ ︸
family



 F︸︷︷︸
link

(X ′β)





3.2.1. A list of families and link functions

family link (F())

gaussian (N) identity, log, inverse
binomial logit, probit, cauchit, log, cloglog
gamma identity, log, inverse
poisson identity, log, sqrt

inverse.gaussian identity, log, inverse, 1/µ2

quasi logit, probit, log, cloglog, identity, in-
verse, sqrt, 1/µ2
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3.2.2. The teacher’s threshold

Let us come back to our teacher. She knows that

Pr(Y = 1|x) = F(x,β)

She wants to know the x∗ such that

Pr(Y = 1|x∗) = F(x∗,β) =
1

2

With F(x,β) = F(x ′β) and F() the logistic function we have F(0) = 1
2 or x∗ ′β = 0

With F(x,β) = x ′β (the OLS approach) we have x∗ ′β = 1
2

In any case we need to know the estimated β. This can be extracted from the
entire estimation result (that we stored in lr with the function coef.

coef(lr)

(Intercept) x

-5.581 18.483

Hence, we can calculate the critical value as follows:

mycrit <- 0 - coef(lr)["(Intercept)"] / coef(lr)["x"]

mycrit

(Intercept)

0.302

We could insert this value as a vertical line in our plot as follows:

abline(v=mycrit,lty="dashed",col="blue")
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3.3. Marginal effects

3.3.1. Marginal effects with OLS

E[y|x] = E[x ′β+ ǫ] = x ′β

∂E[y|x]

∂x
= β

Here the marginal effect is simple to determine, it is just β.
The marginal effect does not depend on x.

coef(or)

(Intercept) x

0.06257 1.20008

If we want to show the marginal effect in our diagram, we can say (after rescal-
ing the effect so that it fits into our diagram)

myScale=.1

abline(h=coef(or)["x"]*myScale,col="green")
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3.3.2. Marginal effects with binary choice models

Pr(Y = 1|x) = F(x ′β)

or, in other words
E[y|x] = F(x ′β)
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hence
∂E[y|x]

∂x
= f(x ′β) · β

since f is the density of the logistic distribution this expression can be simplified:

E(y|x) = F(x ′β) = L(x ′β) =
ex

′β

1+ ex
′β

generally the derivative d a
1+a

/

da is 1
(1+a)2

, thus, the marginal effect is

∂E[y|x]

∂x
= f(x ′β) · β =

dL(x ′β)
dx

· β =
ex

′β

(1+ ex
′β)2

· β =

= L(x ′β)(1− L(x ′β)) · β

(let us check:)

L(x ′β)(1− L(x ′β)) · β =
ex

′β

(1+ ex
′β)

·
(

1−
ex

′β

(1+ ex
′β)

)

· β =

=
ex

′β

(1+ ex
′β)

·
(

1+ ex
′β

(1+ ex
′β)

−
ex

′β

(1+ ex
′β)

)

· β

=
ex

′β

(1+ ex
′β)

·
(

1

(1+ ex
′β)

)

· β

=
ex

′β

(1+ ex
′β)2

· β

We can calculate the marginal effects as follows

lmarginal <- plogis(predict(lr)) * (1-plogis(predict(lr))) * coef(lr)["x"]

and show them in our diagram:

plot (qual ~ x,pch=4,main="marginal effects")

points(y ~ x, pch=1)

abline(h=coef(or)["x"]*myScale,lty=2)

lines(lmarginal * myScale ~ x,lty=3)

legend("bottomright",c("latent","observed","OLS","logistic"),pch=c(4,1,-1,-1),lty=c(0,0,2,3))
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3.3.3. The marginal effect is not constant

∂E[y|x]

∂x
= L(x ′β)(1− L(x ′β)) · β

It is highest for the critical value and smaller for the extreme values of x. If our
teacher is interested in increasing the number of students who pass the test, then
she might concentrate her efforts on the students in the middle, since there the
expected marginal return is highest.

Now assume, somebody is interested in a somehow aggregate measure of the
marginal effect. Where do we evaluate the marginal effect?

• We can evaluate the marginal effect at the sample mean. In this case the
sample mean is mean(x), hence x ′β is

xbmean <- coef(lr) %*% c(1,mean(x))

xbmean

[,1]

[1,] 3.928

hence, the marginal effect L(x ′β)(1− L(x ′β)) · β is

plogis(xbmean)*(1-plogis(xbmean))*coef(lr)["x"]

[,1]

[1,] 0.3499
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• We can also evaluate the marginal effect for all observations and then use the
average. Remember that lmarginal still contains all the marginal effects, so
we can simply take the mean.

mean(lmarginal)

[1] 0.8586

As we see, the result depends heavily on the method. The first method gave
us the marginal effect on the average subject, the second the average marginal
effect.

Things are slightly different if the X is a dummy variable. It makes no sense to
look at derivatives. Instead, we use

Pr(Y = 1|x̄−d,d = 1) − Pr(Y = 1|x̄−d,d = 0)

3.3.4. The normal link function

Pr(Y = 1|x) = F(x,β) = Φ(x ′β)

Pr(Y = 0|x) = 1− F(x,β) = 1−Φ(x ′β)

Or

Y ∼ binom︸ ︷︷ ︸
family



 Φ︸︷︷︸
link

(X ′β)





(pr <- glm( y ~ x,family=binomial(link="probit")))

Call: glm(formula = y ~ x, family = binomial(link = "probit"))

Coefficients:

(Intercept) x

-3.2 10.6

Degrees of Freedom: 99 Total (i.e. Null); 98 Residual

Null Deviance: 125

Residual Deviance: 29.4 AIC: 33.4

Here is the well known figure again, now with the estimation result for the
normal link function added:
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plot (qual ~ x,pch=4)

points(y ~ x, pch=1)

abline(h=crit,v=crit,lty="dotted")

abline(or,lty=2)

lines(fitted(lr) ~ x, lty=3)

lines(fitted(pr) ~ x, lty=4)

legend("bottomright",c("latent","observed","OLS","logistic","probit"),pch=c(4,1,-1,-1,-1),lty
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We see that the logistic model and the probit model does not seem to be far
apart. Note, however, that for very small or very large probabilities the distribu-
tion does matter. To see that we have a look at the ratio of the predicted values:

lp <- fitted(lr)/fitted(pr)

lp1 <- (1-fitted(lr))/(1-fitted(pr))

plot (lp ~ x,type="l",ylab="fitted P(logit) / fitted P(probit)")

lines (lp1 ~ x,lty=2)

legend("bottomright",c("pass","fail"),lty=c(1,2))
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To predict probabilities for extreme values (probabilitites close to zero or close
to one) the choice of the link function is essential. (Since, usually, we do not know
much about the “correct” link function, we can not say too much about ratios of
probabilities for extreme values).

3.3.5. Marginal effects with the normal link function

Pr(Y = 1|x) = F(x,β) = Φ(x ′β)

Pr(Y = 0|x) = 1− F(x,β) = 1−Φ(x ′β)

E(y|x) = F(x ′β) = Φ(x ′β)

Marginal effects are:

∂E[y|x]

∂x
= f(x ′β) · β = φ(x ′β) · β

pmarginal=dnorm(pr$linear.predictors)*coef(pr)["x"]

Now let us draw the familiar figure again, now with the marginal effects of the
probit model added:

plot (qual ~ x,pch=4,main="marginal effects")

points(y ~ x, pch=1)

abline(h=coef(or)["x"]*myScale,lty=2)

lines(lmarginal*myScale ~ x,lty=3)

lines(pmarginal*myScale ~ x,lty=4)

legend("bottomright",c("latent","observed","OLS","logistic","probit"),pch=c(4,1,-1,-1,-1),lty=c
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Again, we have different options to calculate aggregate marginal effects.

• at the sample mean? Remember, the sample mean is in xbmean, hence, the
marginal effect there is

dnorm(xbmean)*coef(pr)["x"]

[,1]

[1,] 0.001887

• We can also evaluate the marginal effect for all observations and then use the
average. pmarginal still contains all the marginal effects, so we can simply
take the mean.

mean(pmarginal)

[1] 0.8421

As with the logistic regression, also with the probit regression the result
depends heavily on the method.
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3.3.6. Marginal effects and interactions

linear model

y = β1x1 +β2x2 +β12x1x2 + ǫ

E[y|x] = β1x1 +β2x2 +β12x1x2

∂E[y|x]

∂x1
= β1 +β12x2

∂2E[y|x]

∂x1∂x2
= β12

probit model

E[y|x] = Φ(β1x1 +β2x2 +β12x1x2︸ ︷︷ ︸
u

)

∂E[y|x]

∂x1
= (β1 +β12x2) ·φ(u)

∂2E[y|x]

∂x1∂x2
= β12 ·φ(u) + (β1 +β12x2) ·

∂

∂x2
φ(u)

= β12 ·φ(u) + (β1 +β12x2) · (β2 +β12x1) ·φ ′(u)

Note: The marginal effect is not β12φ(u)

Note 2: Assume β12 = 0

∂2E[y|x]

∂x1∂x2
= β12 ·φ(u) + (β1 +β12x2) · (β2 +β12x1) ·φ ′(u)

= β1β2φ
′(u)

i.e. even if the estimated interaction on the level of the latent variable is zero, the
marginal effect could be (significantly) different from zero.

• Obviously: Significance of the coefficient β12 has nothing to do with signif-
icance of the marginal effect.

• Should we study the model (the interactions) on the level of the latent vari-
able, or on the level of y?
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Interactions of three expressions

E[y|x] = Φ(β1x1 +β2x2 +β3x3 +β12x1x2 +β13x1x3 +β23x2x3)

∂3E[y|x]

∂x1∂x2∂x3
= φ ′′(u) · (β3 + x1β13 + x2β23 + x1x2β123) ·

(β2 + x1β12 + x3β23 + x1x3β123) ·
(β1 + x2β12 + x3β13 + x2x3β123) +

φ ′(u) · (β12 + x3β123) · (β3 + x1β13 + x2β23 + x1x2β123) +

φ ′(u) · (β13 + x2β123) · (β2 + x1β12 + x3β23 + x1x3β123) +

φ ′(u) · (β23 + x1β123) · (β1 + x2β12 + x3β13 + x2x3β123) +

φ(u) · β123

3.3.7. Critical values

Let us determine critical values more systematically with a function:

invreg <- function (reg,y=0) {

gc <- coef(reg)

as.vector((y - gc[1])/gc[2])

}

This function has a first argument reg which is a regression object. The second
argument, y, is optional. We need this, since sometimes (for the OLS model) the
critical value is determined by x ′β = 1/2 and sometimes (for the logit and the
probit model) the critical value is determined by x ′β = 0. We use as.vector

to remove names from the result. These names would otherwise complicate the
names lateron. Let us now apply this function to our three estimates:

invreg(lr)

[1] 0.302

invreg(pr)

[1] 0.3021

invreg(or,y=.5)

[1] 0.3645
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3.4. Estimated values as random numbers

I am looking here at the critical value since this is a number that we can compare
accross the different regression methods. The coefficient themselves are rather
different.

We have to keep in mind that estimated coefficients as well as estimated critical
values are random — they depend on the particular sample we draw from the
population. To make that clear, let us do the following Monte Carlo exercise. We
want to draw several times a random sample and compare the three methods.

Let us first write a function that does the above exercise once:

logreg <- function () {

x <- sort(runif(N))

e <- sigma * rnorm(N)

qual <- x+e

y <- ifelse(qual>crit,1,0)

r <- lm ( y ~ x)

rt<-invreg(r,.5)

lr <- glm( y ~ x,family=binomial(link="logit"))

lt<-invreg(lr)

pr <- glm( y ~ x,family=binomial(link="probit"))

pt<-invreg(pr)

c(OLS=rt,probit=pt,logit=lt,meanY=mean(y))

}

N <- 100

sigma <- .1

crit <- .3

logreg()

OLS probit logit meanY

0.3023 0.2704 0.2650 0.7000

Now use the function a few times

coeffs <- t(sapply(1:30,function(x) {logreg()}))

Below we show estimated densities for the three methods. To convince the
reader that densities are related to the empirical distribution we also show the
histogram, but only for the OLS case.

hist(coeffs[,"OLS"],freq=F,ylim=c(0,20),xlab="critical value",main="densities and histogram of

lines(density(coeffs[,"OLS"]),lty=2)

lines(density(coeffs[,"logit"]),lty=3)

lines(density(coeffs[,"probit"]),lty=4)

abline(v=.3)

legend("topright",c("OLS","logit","probit"),lty=c(2,3,4))
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The next diagram shows the cumulative distribution:

plot(ecdf(coeffs[,"logit"]), do.points=F, verticals=T, main="distribution of estimated critical

abline(h=.5,v=crit,lty="dotted")

lines(ecdf(coeffs[,"probit"]), do.points=F, verticals=T, lty=2)

lines(ecdf(coeffs[,"OLS"]), do.points=F, verticals=T,lty=3)

legend("topleft",c("logit","probit","OLS"),lty=1:3)
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The simulation shows that distributions for the logistic and the probit model
are centered around the theoretical value of 0.3 in the example. We also see that
OLS seems to give a biased estimate. This should not be surprising. We know that
the assumptions of the OLS model are not satisfied.

Above we mentioned that the choice of the link function is essential when we
want to predict very small or very large probabilities. Similarly, the link function
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is essential for our estimation if what we observe contains mainly one type of an
event. In the following example we observe mainly successes. We choose a larger
sample size of N = 1000 to make sure that each sample contains at least some
failures.

set.seed(123)

N <- 1000

sigma <- .1

crit <- 0

coeffs <- t(sapply(1:30,function(x) {logreg()}))

summary(coeffs[,"meanY"])

Min. 1st Qu. Median Mean 3rd Qu. Max.

0.948 0.955 0.958 0.958 0.961 0.973

plot(density(coeffs[,"logit"]),lty=3,main="densities of logit and probit estimate")

lines(density(coeffs[,"probit"]),lty=4)

abline(v=c(crit,mean(coeffs[,"logit"]),mean(coeffs[,"probit"])),lty=c(1,3,4))

legend("topleft",c("logit","probit"),lty=3:4)
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We see that now our estimates depend on the link function. The probit estimate
(which uses the correct link function for this specific model) gives on average
an estimate close to the correct value, the logit estimate (which does not use the
correct link function here) turns out to be too large on average.

The same exercise can be done with Stata:

drop _all

local N=100

local sigma=.1

local crit=.3

quietly set obs ‘N’
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gen x=uniform()

gen e=‘sigma’ * invnormal(uniform())

gen qual = x + e

gen y = 0

replace y = 1 if qual > ‘crit’

quietly reg y x

capture program drop invreg

program define invreg, rclass

syntax ,[y(real 0)]

matrix coeff=e(b)

return scalar crit=(‘y’-coeff[1,2])/coeff[1,1]

end

invreg is now a function that returns a scalar with the estimated critical value.
Here is an example:

invreg,y(.5)

return list

As above with the R code also here we write a function that returns three es-
timates. Here we return a very small dataset with a single observation. This
observation will then be appended to a larger file:

capture program drop logreg

program define logreg,rclass

drop _all

local N=100

local sigma=.1

local crit=.3

quietly set obs ‘N’

gen x=uniform()

gen e=‘sigma’ * invnormal(uniform())

gen qual = x + e

gen y = 0

replace y = 1 if qual > ‘crit’

quietly reg y x

invreg,y(.5)

local rt = r(crit)

quietly logit y x

invreg

local lt = r(crit)

quietly probit y x

invreg

local pt = r(crit)

drop _all

set obs 1

gen rt = ‘rt’

gen lt = ‘lt’

gen pt = ‘pt’

end

Now we can build our dataset:
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logreg

save ex01,replace

forvalues i = 1/29 {

logreg

append using ex01

save ex01,replace

}

and plot the results. First look at densities:

use ex01,clear

sum

cumul rt,gen(crt)

cumul lt,gen(clt)

cumul pt,gen(cpt)

scatter crt rt ||scatter clt lt ||scatter cpt pt

showgraph

next empirical cumulative distributions

list

twoway (histogram rt)

showgraph

twoway (histogram lt)

showgraph

twoway (histogram pt)

showgraph

*

cumul rt,gen(crt)

cumul lt,gen(clt)

cumul pt,gen(cpt)

scatter crt rt,c(J) ms(i) sort ||

scatter clt lt,c(J) ms(i) sort ||

scatter cpt pt,c(J) ms(i) sort yline(.5) xline(.3)

showgraph

3.5. Theoretical background

Does it make sense to use this procedure?
What we did so far:

Pr(Y = 1|x) = F(x,β)

Pr(Y = 0|x) = 1− F(x,β)

F(x,β) = x ′β

• Latent regression yl = x ′β+ u

• Index function y =

{
1 if yl > 0

0 otherwise
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Note: we can normalise the variance of u to any number — we only have to adjust
β.
yl/σ = x ′β/σ+ u/σ is the same model.
Note that we have to take this into account when we compare two estimates

with different variance for u (like logit coefficients are
√
π2/3 times larger than

their probit equivalent).

3.5.1. Latent variables

• Latent variable yl = x ′β+ u

• Index function y =

{
1 if yl > 0

0 otherwise

• If u follows a logistic distribution with variance π2/3

L(x) = ex/(1+ ex),
l(x) = dL(x)/dx = ex/(1+ ex)2,

thus
∫+∞

−∞
x2l(x)dx = π2/3

• or u follows a normal distribution with variance 1

then the probability that y = 1 is

Pr(yl > 0|x) = Pr(x ′β+ u > 0|x) = Pr(u < x ′β|x) = F(x ′β)

Pr(Y = 1|x) = F(x,β)

Pr(Y = 0|x) = 1− F(x,β)

F(x,β) = x ′β

What the ML estimator actually does:

Pr(∀i : Yi = yi|X) =
∏

yi=1

F(x ′
iβ) ·

∏

yi=0

(

1− F(x ′
iβ)
)

thus, the likelihood function is

L(β|{y,X}) =
∏

i

(

F(x ′
iβ)
)yi

(

1− F(x ′
iβ)
)1−yi

take logs
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lnL =
∑

i

(

yi ln F(x ′
iβ) + (1− yi) ln

(

1− F(x ′
iβ)
))

take the first derivative

d lnL

dβ
=
∑

i

(

yif(x
′
iβ)

F(x ′
iβ)

+ (1− yi)
−f(x ′

iβ)

1− F(x ′
iβ)

)

xi = 0

in the logit case, e.g.

d lnL

dβ
=
∑

i

(

yif(x
′
iβ)

F(x ′
iβ)

+ (1− yi)
−f(x ′

iβ)

1− F(x ′
iβ)

)

xi

=
∑

i









yi

1+ ex
′
iβ

−
(1− yi)e

x ′
iβ

(

1+ ex
′
iβ
)2
(

1− e
x ′
i
β

1+e
x ′
i
β

)









xi

=
∑

i















yi

1+ ex
′
iβ

−
(1− yi)e

x ′
iβ

(

1+ ex
′
iβ
) 2

✿

(

1+e
x ′
i
β

✿✿✿
−e

x ′
i
β

✿✿✿

1+e
x ′
i
β

✿✿✿✿✿

)















xi

=
∑

i

(

yi

1+ ex
′
iβ

−
(1− yi)e

x ′
iβ

1+ ex
′
iβ

)

xi

=
∑

i

(

yi − ex
′
iβ + yie

x ′
iβ

1+ ex
′
iβ

)

xi

=
∑

i

(

yi(1+ ex
′
iβ) − ex

′
iβ

1+ ex
′
iβ

)

xi

=
∑

i

(

yi −
ex

′
iβ

1+ ex
′
iβ

)

xi =
∑

i

(

yi − F(x ′
iβ)
)

xi = 0

For the logit and the probit model the Hessian is always negative definite.
The numerical optimisation is well behaved.
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3.5.2. Misspecification with OLS

If the true model is
y = X1β1 +X2β2 + u

and X2β2 is omitted then the expected estimate for β1 is

E[β̂1] = β1 +
(

X ′
1X1

)−1
X ′
1X2β2

which is β1 if

• β2 = 0

• or X ′
1X2 = 0, i.e. X1 and X2 are orthogonal.

With binary choice models only the first holds.

3.5.3. Goodness of fit

• log-likelihood function

lnL = lnL(β|{y,X}) = ln
∏

i

(

F(x ′
iβ)
)yi

(

1− F(x ′
iβ)
)1−yi

• log-likelihood with only a constant term

lnL0 = lnL(β0|{y,X}) = ln
∏

i

(β0)
yi (1−β0)

1−yi

Mac Fadden’s likelihood ratio index (similar to R2, Pseudo R2 in Stata):

LRI = 1−
lnL

lnL0

More parameters (K) will give a better fit. We introduce a penalty for “overfit-
ting”.

3.5.4. Criteria for model selection

Akaike “An Information Criterion”: AIC = −2 lnL+ 2K

with OLS:

AIC = n · ln

(

ê ′ê
n

)

+ 2K

Bayesian information criterion (BIC): BIC = −2 lnL+K lnN

with OLS:

BIC = n · ln

(

ê ′ê
n

)

+K lnN

We will prefer the model with the lower AIC or BIC.
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3.6. Example II

Labour market participation Let us look at an example from labour market par-
ticipation. The dataset Participation contains 872 observations from Switzer-
land. The variable lfp is a binary variable which is “yes” for a participating indi-
vidual and “no” otherwise. The variable lnnlinc describes the nonlabour income.
A hypothesis might be that the higher the nonlabour income, the less likely is it
that the individual participates.

data(Participation)

(reg<-glm ( lfp ~ lnnlinc,family=binomial(link="logit"),data=Participation))

Call: glm(formula = lfp ~ lnnlinc, family = binomial(link = "logit"),

data = Participation)

Coefficients:

(Intercept) lnnlinc

9.628 -0.917

Degrees of Freedom: 871 Total (i.e. Null); 870 Residual

Null Deviance: 1200

Residual Deviance: 1180 AIC: 1180

Indeed, we see that the coefficient of lnnlinc is negative. We also see the AIC.
To also calculate Mac Fadden’s likelihood ratio index we regress on a constant:

(reg0<-glm ( lfp ~ 1,family=binomial(link="logit"), data=Participation))

Call: glm(formula = lfp ~ 1, family = binomial(link = "logit"), data = Participation)

Coefficients:

(Intercept)

-0.161

Degrees of Freedom: 871 Total (i.e. Null); 871 Residual

Null Deviance: 1200

Residual Deviance: 1200 AIC: 1210

1-logLik(reg)/logLik(reg0)

’log Lik.’ 0.02265 (df=2)

3.6.1. Comparing models

The likelihood ratio:

2 log
Ll
Ls

∼ χ2l−s



50
c ©

O
li

v
er

K
ir

ch
k

am
p

6 March 2015 18:27:18

where Ls and Ll are likelihoods of a small model (with s parameters) and a large
model (with l parameters), respectively.

pchisq (2 * (logLik(reg) - logLik(reg0))[1] , 1 , lower.tail=FALSE)

[1] 1.786e-07

Apparently, lnnlinc significantly improves the fit of the model. We can obtain
the same output more conveniently with

anova(reg0,reg,test="Chisq")

Analysis of Deviance Table

Model 1: lfp ~ 1

Model 2: lfp ~ lnnlinc

Resid. Df Resid. Dev Df Deviance Pr(>Chi)

1 871 1203

2 870 1176 1 27.2 1.8e-07 ***

---

Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

or even with

anova(reg,test="Chisq")

Analysis of Deviance Table

Model: binomial, link: logit

Response: lfp

Terms added sequentially (first to last)

Df Deviance Resid. Df Resid. Dev Pr(>Chi)

NULL 871 1203

lnnlinc 1 27.2 870 1176 1.8e-07 ***

---

Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Now let us add more parameters to the model:

reg4<-glm(lfp ~ lnnlinc + age + educ + nyc + noc ,

family=binomial(link="logit"),data=Participation)

summary(reg4)

Call:

glm(formula = lfp ~ lnnlinc + age + educ + nyc + noc, family = binomial(link = "logit"),

data = Participation)
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Deviance Residuals:

Min 1Q Median 3Q Max

-1.940 -1.043 -0.607 1.115 2.465

Coefficients:

Estimate Std. Error z value Pr(>|z|)

(Intercept) 12.4332 2.1440 5.80 6.7e-09 ***

lnnlinc -0.8941 0.2041 -4.38 1.2e-05 ***

age -0.5640 0.0889 -6.34 2.3e-10 ***

educ -0.0458 0.0260 -1.77 0.077 .

nyc -1.2210 0.1758 -6.95 3.8e-12 ***

noc -0.0163 0.0723 -0.23 0.821

---

Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 1203.2 on 871 degrees of freedom

Residual deviance: 1098.9 on 866 degrees of freedom

AIC: 1111

Number of Fisher Scoring iterations: 4

We see that the parameter educ is not really significant. We can use the likeli-
hood ratio to test whether educ contributes significantly to the model:

reg3 <- update ( reg4 , ~ . - educ)

anova(reg3,reg4,test="Chisq")

Analysis of Deviance Table

Model 1: lfp ~ lnnlinc + age + nyc + noc

Model 2: lfp ~ lnnlinc + age + educ + nyc + noc

Resid. Df Resid. Dev Df Deviance Pr(>Chi)

1 867 1102

2 866 1099 1 3.13 0.077 .

---

Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

In this exercise both p-values are similar. Generally, this need not be the case.

3.6.2. Confidence intervals

As with linear models we can calculate confidence intervals for our estimated co-
efficients (and as many people prefer confidence intervals over p-values, we might
want to do this). The MASS library contains a more precise method to determine
confidence intervals for generalised linear models.
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library(MASS)

confint(reg4)

2.5 % 97.5 %

(Intercept) 8.33310 16.742834

lnnlinc -1.30377 -0.503512

age -0.74088 -0.392000

educ -0.09698 0.004941

nyc -1.57629 -0.886273

noc -0.15861 0.125231

To be able to do the same exercise in Stata, we load the foreign library which
provides an interface to data formats of other packages, including Stata’s, and
save the dataset in Stata’s format.

library(foreign)

write.dta(Participation,file="participation.dta")

clear

use participation

replace lfp=lfp-1

logit lfp lnnlinc

estat ic

3.6.3. Bayesian discrete choice:

library(runjags)

modelL <- ’model {

for (i in 1:length(y)) {

y[i] ~ dbern(p[i])

logit(p[i]) <- beta0+beta1*x[i]

}

beta0 ~ dnorm (0,.0001)

beta1 ~ dnorm (0,.0001)

}

}’

bayesL<-run.jags(model=modelL,modules="glm",

data=list(y=ifelse(Participation$lfp=="yes",1,0),

x=Participation$lnnlinc),

monitor=c("beta0","beta1"))

Calling the simulation using the parallel method...

Following the progress of chain 1 (the program will wait for all chains to finish before continuing):

Welcome to JAGS 3.4.0 on Sat Feb 21 18:42:29 2015

JAGS is free software and comes with ABSOLUTELY NO WARRANTY

Loading module: basemod: ok

Loading module: bugs: ok

. Loading module: glm: ok

. . Reading data file data.txt
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. Compiling model graph

Resolving undeclared variables

Allocating nodes

Graph Size: 4358

. Reading parameter file inits1.txt

. Initializing model

. Adapting 1000

ERROR: Model is not in adaptive mode

. Updating 4000

-------------------------------------------------| 4000

************************************************** 100%

. . . Updating 10000

-------------------------------------------------| 10000

************************************************** 100%

. . . Updating 0

. Deleting model

.

All chains have finished

Simulation complete. Reading coda files...

Coda files loaded successfully

Calculating the Gelman-Rubin statistic for 2 variables....

The Gelman-Rubin statistic is below 1.05 for all parameters

Finished running the simulation

plot(bayesL,var="beta1",type=c("trace","density"))

Iteration

b
et

a1

-1
.5

-1
.0

-0
.5

6000 800010000 14000

beta1

D
en

si
ty

0.
0

1.
0

2.
0

-1.5 -1.0 -0.5

summary(bayesL)$quantiles[,c("2.5%","97.5%")]

2.5% 97.5%

beta0 5.862 13.615

beta1 -1.289 -0.564
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confint(reg)

2.5 % 97.5 %

(Intercept) 5.839 13.5788

lnnlinc -1.287 -0.5619

3.6.4. Odds ratios

Pr(Y = 1|x) = F(x ′β) with F(x ′β) =
ex

′β

1+ ex
′β

Let us define the odds o = p
1−p , then

log(o) = log
p

1− p
= log

ex ′β

1+ex ′β

1− ex ′β

1+ex ′β

= log

ex ′β

1+ex ′β

1+ex ′β−ex ′β

1+ex ′β

=

log
ex

′β

1+ ex
′β − ex

′β
= log ex

′β = x ′β = β0 +β1x1 +β2x2 + . . .

or

o = eβ0 · eβ1x1 · eβ2x2 · · ·
i.e. an increase of xi by one unit increases the odds o by a factor of eβi .

In particular if xi is a binary variable (xi ∈ {0, 1})

P(Y=1|xi=1)
1−P(Y=1|xi=1)

P(Y=1|xi=0)
1−P(Y=1|xi=0)

=
o(Y = 1|xi = 1)

o(Y = 1|xi = 0)
≡ oxi

=
eβ0+β1x1+β2x2+...+βi+...

eβ0+β1x1+β2x2+...+0+...

= eβi

Note: The odds-ratio is a ratio of a ratio of probabilities. This is not necessarily
intuitive.

Note 2: Only if P(Y = 1|xi = 1) and P(Y = 1|xi = 0) are close to zero we have

P(Y=1|xi=1)
1−P(Y=1|xi=1)

P(Y=1|xi=0)
1−P(Y=1|xi=0)

≈ P(Y = 1|xi = 1)

P(Y = 1|xi = 0)
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i.e. the odds-ratio approximates the risk-ratio. The risk-ratio migh be more intuitive.
E.g. P(Y = 1|xi = 1) = 0.4 and P(Y = 1|xi = 0) = 0.2 then

P(Y=1|xi=1)
1−P(Y=1|xi=1)

P(Y=1|xi=0)
1−P(Y=1|xi=0)

=
0.4
0.6
0.2
0.8

=
1

6

options(scipen=5)

exp(coef(reg4))

(Intercept) lnnlinc age educ nyc noc

251003.4538 0.4090 0.5690 0.9552 0.2949 0.9838

Confidence intervals can be calculated similarly:

exp(confint(reg4))

2.5 % 97.5 %

(Intercept) 4159.2921 18677567.2442

lnnlinc 0.2715 0.6044

age 0.4767 0.6757

educ 0.9076 1.0050

nyc 0.2067 0.4122

noc 0.8533 1.1334

Note: This interpretation is possible for the logistic link function only.

3.6.5. Odds ratios with interactions

Assume P(Y = 1|x) = F(β1x1 + β2x2 + β12x1x2) with F the logistic function.
Then

ox1
=

o(Y = 1|x1 = 1)

o(Y = 1|x1 = 0)
=

eβ1+β2x2+β12x2

eβ2x2
= eβ1+β12x2

hence
ox1|x2=1

ox1|x2=0

=
eβ1+β12

eβ1
= eβ12

i.e. eβ12 is a ratio of two odds ratios (which, in turn, are ratios of ratios of proba-
bilities).

4. Tobit

4.1. Motivation

Censored variables We call a variable “censored” when we can only observe the
latent variable in a certain range.
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• hours worked (negative amounts can not be observed)

• income (only when relevant for social incurance)

• bids in an auction (often only the second highest bid is observed)

• effort in a tournament/war of attrition (only the second highest effort is
observed)

4.2. Example

Let us generate a simple censored variable:

library(survival)

set.seed(123)

n <- 120

sd <- 2

x <- sort(runif(n))

y <- x + sd*rnorm(n)

ycens <- y

ycens[y>=1] <- 1

plot(y ~ x)

points(ycens ~ x,pch=4)

abline(a=0,b=1)

0.0 0.2 0.4 0.6 0.8 1.0

-4
-2

0
2

4
6

x

y

As with the logit model we can try to use simple OLS to estimate the relation-
ship:
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olsall<-lm(ycens ~ x)

summary(olsall)

Call:

lm(formula = ycens ~ x)

Residuals:

Min 1Q Median 3Q Max

-4.212 -0.705 0.448 0.987 1.295

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) -0.350 0.231 -1.52 0.13

x 0.537 0.395 1.36 0.18

Residual standard error: 1.23 on 118 degrees of freedom

Multiple R-squared: 0.0154,Adjusted R-squared: 0.00707

F-statistic: 1.85 on 1 and 118 DF, p-value: 0.177

This result is not too convincing, perhaps we should only look at the uncen-
sored observations:

olsrel<-lm(ycens ~ x,subset=ycens<1)

summary(olsrel)

Call:

lm(formula = ycens ~ x, subset = ycens < 1)

Residuals:

Min 1Q Median 3Q Max

-3.842 -0.667 0.210 0.853 1.642

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) -0.6461 0.2637 -2.45 0.017 *

x -0.0662 0.4852 -0.14 0.892

---

Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Residual standard error: 1.18 on 75 degrees of freedom

Multiple R-squared: 0.000248,Adjusted R-squared: -0.0131

F-statistic: 0.0186 on 1 and 75 DF, p-value: 0.892

The left part of the following picture shows the true relation as well as the two
estimates:

plot(ycens ~ x)

abline(a=0,b=1,lwd=3,col="blue")

abline(olsall,lty=2,col=2,lwd=3)
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abline(olsrel,lty=3,col="red",lwd=3)

legend("bottomleft",c("true","OLS","OLS not censored"),lty=1:3,

col=c("blue","red","red"),bg="white",cex=.7)

#

plot(ycens-x ~ x,main="true residuals",ylab="ycens-E(y)")

abline(h=0)

lines(predict(olsall) -x ~ x,lty=2,col=2,lwd=3)

legend("bottomleft",c("true","OLS"),col=1:2,lty=1:2,bg="white",cex=.7)

#

plot(olsall,which=1,main="estimated residuals")
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The graph in the middle shows the true residuals, the graph on the right shows
the estimated residuals. While the estimated residuals underestimate the prob-
lem, it is still visible:
E(u|X) 6= 0 for most X.

4.3. Solution

Interval regression: As in the logistic case we use maximum likelihood. The pro-
cedure is called “interval regression” since the dependent variable is now an in-
terval.

• [x, x] — known observation

• [x,∞] — observation is larger than x

• [∞, x] — observation is smaller than x

• [x,y] — observation is between x and y

In Stata and in R we use missings (in Stata . and in R NA to indicate∞.
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ymin<-ycens

ymax<-ycens

ymax[ycens==1]<-NA

(intreg <- survreg(Surv(ymin,ymax,type="interval2") ~ x,dist=’gaussian’))

Call:

survreg(formula = Surv(ymin, ymax, type = "interval2") ~ x, dist = "gaussian")

Coefficients:

(Intercept) x

-0.186 1.062

Scale= 1.739

Loglik(model)= -187.2 Loglik(intercept only)= -188.8

Chisq= 3.21 on 1 degrees of freedom, p= 0.073

n= 120

The estimated β is not perfect, but much better then the naïve OLS estimates
above. Let us show the estimated regression line in a graph:

plot(ycens ~ x)

abline(a=0,b=1,lwd=3,col="blue")

abline(olsall,olsrel,lty=2,col="red",lwd=3)

abline(olsrel,lty=3,col="red",lwd=3)

abline(intreg,lty=4,col="green",lwd=3)

legend("bottomleft",c("true","OLS","OLS not censored","interval"),lty=1:4,col=c("blue","red","red"

#

plot(ycens-x ~ x,main="true residuals",ylab="ycens-E(y)")

abline(h=0)

lines(predict(olsall) -x ~ x,lty=2,col=2,lwd=3)

lines(predict(intreg) -x ~ x,lty=3,col=3,lwd=3)

legend("bottomleft",c("true","OLS","interval"),col=1:3,lty=1:3,bg="white",cex=.7)

0.0 0.2 0.4 0.6 0.8 1.0

-4
-3

-2
-1

0
1

x

y
ce

n
s

true

OLS

OLS not censored

interval

0.0 0.2 0.4 0.6 0.8 1.0

-4
-3

-2
-1

0
1

true residuals

x

y
ce

n
s-

E
(y

)

true

OLS

interval



60
c ©

O
li

v
er

K
ir

ch
k

am
p

6 March 2015 18:27:18

The graph on the right side of the figure shows again the true residuals, i.e.
y− E(y). We should note two things:

• The OLS estimate typically underestimates the relationship. Reason: The ex-
treme values are missing (censored)

• The Interval regression can overestimate. It is not necessarily very stable.

Of course, the same can be done in Stata:

drop _all

set obs 1000

gen x=uniform()

gen y=x+.2*invnorm(uniform())

reg y x

gen ycens=y

replace ycens=1 if y>=1

reg ycens x

reg ycens x if ycens<1

gen ymin=ycens

gen ymax=ycens

replace ymax=. if ycens==1

list ycens ymin ymax in 1/100

intreg ymin ymax x

4.4. Theoretical background

4.4.1. The maximum likelihood method

Remember the maximum likelihood approach for the logistic model:

L =
∏

yi=1

F(x ′
iβ) ·

∏

yi=0

(

1− F(x ′
iβ)
)

The interval regression is quite similar (now yi is an interval)

L =
∏

i∈C0

f(xiβ− y) ·
∏

i∈C−1

(1− F(xiβ− y)) ·
∏

i∈C+1

F(xiβ− y)

where
C0 not censored
C−1 censored from below
C+1 censored from above

ẏ = x ′
iβ+ ǫ − ǫ = x ′

iβ− ẏ
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4.5. Bayesian censored model

We need (JAGS) notation for interval-censored data:

Y ˜ dinterval(t, c)

Y =






0 if t ≤ c[1]

m if c[m] < t ≤ c[m+ 1] for 1 ≤ m < M

M if c[M] < t

Here our data is censored from above, i.e.

Y =

{
0 if t ≤ 1

1 if 1 < t

One complication with the censored model is that the censored observations are
unknown, so JAGS will fit random values. Unless we help JAGS a little, the initial
values will be inconsistent, i.e. JAGS will randomise values for y which are not in
the right interval.

library(runjags)

is.censored <- ycens>=1

yc <- ifelse(is.censored,NA,ycens)

yInit <- ifelse(is.censored,2,NA) #<- must resolve initial uncertainty about censored y

dataList<-list(y=yc,x=x,is.censored=as.numeric(is.censored))

initList<-list(beta0=.5,beta1=.5,tau=1,y=yInit)

modelC <- ’model {

for (i in 1:length(y)) {

y[i] ~ dnorm(beta0+beta1*x[i],tau)

is.censored[i] ~ dinterval(y[i],1)

}

beta0 ~ dnorm (0,.0001)

beta1 ~ dnorm (0,.0001)

tau ~ dgamma(.01,.01)

sd <- 1/sqrt(tau)

}

}’

bayesC<-run.jags(model=modelC,data=dataList,

inits=list(initList,initList),monitor=c("beta0","beta1","sd"))

Calling the simulation using the parallel method...

Following the progress of chain 1 (the program will wait for all chains to finish before continuing):

Welcome to JAGS 3.4.0 on Sat Feb 21 18:43:01 2015

JAGS is free software and comes with ABSOLUTELY NO WARRANTY

Loading module: basemod: ok

Loading module: bugs: ok

. . Reading data file data.txt
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. Compiling model graph

Resolving undeclared variables

Allocating nodes

Graph Size: 609

. Reading parameter file inits1.txt

. Initializing model

. Adapting 1000

-------------------------------------------------| 1000

++++++++++++++++++++++++++++++++++++++++++++++++++ 100%

Adaptation successful

. Updating 4000

-------------------------------------------------| 4000

************************************************** 100%

. . . . Updating 10000

-------------------------------------------------| 10000

************************************************** 100%

. . . Updating 0

. Deleting model

.

All chains have finished

Simulation complete. Reading coda files...

Coda files loaded successfully

Calculating the Gelman-Rubin statistic for 3 variables....

The Gelman-Rubin statistic is below 1.05 for all parameters

Finished running the simulation

plot(bayesC,var="beta1",type=c("trace","density"))

Producing 2 plots for 1 variables to the active graphics device

(see ?runjagsclass for options to this S3 method)

Iteration

b
et

a1

0
1

2
3

6000 800010000 14000

beta1

D
en

si
ty

0.
0

0.
4

-1 0 1 2 3
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summary(bayesC)$quantiles[,c("2.5%","97.5%")]

2.5% 97.5%

beta0 -0.8813 0.5136

beta1 -0.1282 2.3281

sd 1.5058 2.1302

confint(intreg)

2.5 % 97.5 %

(Intercept) -0.8528 0.4808

x -0.1049 2.2296

5. Multinomial (polytomous) logit

5.1. Motivation and background

Multinomial logit

• choices are mutually exclusive

• choices are exhaustive

• choices are finite

Problems

• one can map problems that do not look mutually exclusive or not exhaustive
into a problem that is

E.g.: heating modes: gas / oil / wood / electricity

What about households which use, e.g., gas + electricity→
– introduce an additional category

– ask for ‘primary source of heating’

Some households do not use any of the above:

– introduce an additional category

• Using discrete choice models for metric variables

– E.g.: consumption of goods which follow a non-linear tariff (telephone,
electricity)
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5.1.1. Random utility models

Can we tell a story like in the logit/probit case?

A latent variable model (random utility model):

η1 = x ′β1 + ξ1

η2 = x ′β2 + ξ2

η3 = x ′β3 + ξ3
...

The decision maker chooses alternative k if ηk ≥ ηj for all j

Note: these models are equivalent to their affine transformations.

5.1.2. Normalisations

• We often normalise the constant part of one of the equations to zero.

• If ξj are i.i.d. we often normalise their variance to a convenient value.

(this implies that different distributions for ξ will lead to different scales for

coefficients — logit coefficients will be π/
√
6 times larger than probit.)

5.1.3. Differences

Let us look at the differences between two alternatives:

vkj = ηk − ηj = x ′(βk −βj) + ξk − ξj

• ξ ∼ N(0, 1): ξk − ξj has variance 2 and covariance 1 (for k 6= j)

dgumbel<-function(x) exp(-exp(-x)-x)

plot(dnorm,-4,4,ylab="f(x)")

curve(dgumbel,add=TRUE,lty=2)

legend("topleft",c("Normal","Gumbel"),lty=1:2)
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Gumbel

• ξ ∼ Gumbel
(

FGumbel(ξ) = e−e−ξ
)

then

– the difference vki follows a logistic distribution

Pr(y = k|ξk) =
∏

j 6=k

FGumbel(x
′(βk −βj) + ξk)

average over ξk

Pr(y = k) =

∫
fGumbel(ξk)

∏

j 6=k

FGumbel(x
′(βk −βj) + ξk)dξk

Pr(y = k) =
ex

′βk

∑m
i=1 e

x ′βi

– we get the following multinomial logit (McFadden)

Pr(y = 1) =
ex

′β1

∑m
k=1 e

x ′βk

Pr(y = 2) =
ex

′β2

∑m
k=1 e

x ′βk

Pr(y = 3) =
ex

′β3

∑m
k=1 e

x ′βk

...
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• 0 < Pr(y = k) < 1

•
∑

k Pr(y = k) = 1

↑ βk are not identified

Normalise:

Pr(y = 1) =
1

1+
∑m

k=2 e
x ′βk

Pr(y = 2) =
ex

′β2

1+
∑m

k=2 e
x ′βk

Pr(y = 3) =
ex

′β3

1+
∑m

k=2 e
x ′βk

...

the odds ratios are:
Pr(y = k)

Pr(y = 1)
= ex

′βk

That is a strong assumption on the error terms.

5.1.4. Indenpendence from irrelevant alternatives — IIA

E.g. in a model where the dependent is choice of travel mode, an unobserv-
able might be a personal preference for/against means of mass transportation
(tube/train). But then these choices/error terms are correlated.

→ logit can represent systematic variation of choices (explained by observed
characteristics) but not individual (unobserved) variation of choices.

The log-likelihood:

lnL =
∑

i

m∑

k=1

Ik(yi) ln Pr(yi = k)

with Ik(yi) =

{
1 if yi = i

0 otherwise

this function lnL is globally concave in β (McFadden, 1974)
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5.2. Example

Let us first create individual characteristics, x1, x2, x3.

N<-100

sd<-10

ex <- cbind(x1=runif(N),x2=runif(N))

head(ex)

x1 x2

[1,] 0.28758 0.6000

[2,] 0.78831 0.3328

[3,] 0.40898 0.4886

[4,] 0.88302 0.9545

[5,] 0.94047 0.4829

[6,] 0.04556 0.8904

The following matrix determines how individual characteristics translate into
preferences for three choices:

mat<-rbind(c(400,0),

c(250,200),

c(100,300))

mat

[,1] [,2]

[1,] 400 0

[2,] 250 200

[3,] 100 300

latent<-(ex %*% t(mat)) + sd *

cbind(rnorm(N),rnorm(N),rnorm(N))

head(latent)

[,1] [,2] [,3]

[1,] 107.93 213.9 201.6

[2,] 317.89 276.8 171.2

[3,] 161.12 197.3 178.1

[4,] 349.73 417.1 364.1

[5,] 366.67 327.6 234.5

[6,] 17.77 184.7 275.0

max.col(latent)

[1] 2 1 2 2 1 3 2 1 2 1 2 1 1 3 3 1 3 3 3 1 1 1 1 1 1 2 1 1 2 3 1 2 2 2 3 2 2 3

[39] 3 3

[ reached getOption("max.print") -- omitted 60 entries ]
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choice <- max.col(latent)

library(nnet)

(est<-multinom(choice ~ x1 + x2,as.data.frame(ex)))

# weights: 12 (6 variable)

initial value 109.861229

iter 10 value 18.323213

iter 20 value 16.923568

iter 30 value 16.881715

iter 40 value 16.880637

iter 50 value 16.880332

iter 60 value 16.880044

iter 70 value 16.879931

final value 16.879896

converged

Call:

multinom(formula = choice ~ x1 + x2, data = as.data.frame(ex))

Coefficients:

(Intercept) x1 x2

2 0.9445 -25.81 31.72

3 0.1557 -58.60 52.67

Residual Deviance: 33.76

AIC: 45.76

Note that the estimated coefficients are not the matrix of coefficients mat that
we employed above. However, they are a projection. We are expecting this:

mat

[,1] [,2]

[1,] 400 0

[2,] 250 200

[3,] 100 300

but we got that:

coef(est)

(Intercept) x1 x2

2 0.9445 -25.81 31.72

3 0.1557 -58.60 52.67

The estimator normalises the first category to zero

mat

[,1] [,2]

[1,] 400 0

[2,] 250 200

[3,] 100 300
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mat - cbind(c(1,1,1)) %*% mat[1,]

[,1] [,2]

[1,] 0 0

[2,] -150 200

[3,] -300 300

and sets the variance to one:

(mat - cbind(c(1,1,1)) %*% mat[1,])*pi / sqrt(6) / 10

[,1] [,2]

[1,] 0.00 0.00

[2,] -19.24 25.65

[3,] -38.48 38.48

To access estimation results we can use similar commands as with lm:

coef(est)

(Intercept) x1 x2

2 0.9445 -25.81 31.72

3 0.1557 -58.60 52.67

confint(est)

, , 2

2.5 % 97.5 %

(Intercept) -3.099 4.988

x1 -43.459 -8.153

x2 11.420 52.021

, , 3

2.5 % 97.5 %

(Intercept) -4.745 5.056

x1 -89.593 -27.602

x2 26.237 79.094

To do the same exercise in Stata, we have to export the dataset:

library(foreign)

write.dta(as.data.frame(cbind(choice,ex)),file="multinom.dta")

use multinom.dta,clear

desc

mlogit choice x1 x2 x3,baseoutcome(1)
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5.3. Bayesian multinomial

modelM <- ’model {

for (i in 1:length(y)) {

for (j in 1:3) { # three different choices

exb[i,j] <- exp(inprod(beta[,j],ex[i,]))

}

y[i] ~ dcat(exb[i,1:3])

}

for (k in 1:K) {

beta[k,1] <- 0 # identifying restriction

}

for (j in 2:3) {

for (k in 1:K) {

beta[k,j] ~ dnorm(0,.0001)

}

}

}’

dataList<-list(y=choice,ex=cbind(1,ex),K=dim(ex)[2]+1)

bayesM <-run.jags(model=modelM,data=dataList,monitor=c("beta"))

Calling the simulation using the parallel method...

Following the progress of chain 1 (the program will wait for all chains to finish before continuing):

Welcome to JAGS 3.4.0 on Sat Feb 21 18:43:08 2015

JAGS is free software and comes with ABSOLUTELY NO WARRANTY

Loading module: basemod: ok

Loading module: bugs: ok

. . Reading data file data.txt

. Compiling model graph

Resolving undeclared variables

Allocating nodes

Graph Size: 1116

. Reading parameter file inits1.txt

. Initializing model

. Adapting 1000

-------------------------------------------------| 1000

++++++++++++++++++++++++++++++++++++++++++++++++++ 100%

Adaptation successful

. Updating 4000

-------------------------------------------------| 4000

************************************************** 100%

. . Updating 10000

-------------------------------------------------| 10000

************************************************** 100%

. . . Updating 0

. Deleting model

.

All chains have finished

Simulation complete. Reading coda files...

Coda files loaded successfully

*WARNING* The monitored variables ’beta[1,1]’, ’beta[2,1]’ and

’beta[3,1]’ appear to be non-stochastic; they will not be included in
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the convergence diagnostic

Calculating the Gelman-Rubin statistic for 9 variables....

The Gelman-Rubin statistic is below 1.05 for all parameters

Finished running the simulation

summary(bayesM)$quantiles[-c(1,2,3),c("2.5%","50%","97.5%")]

2.5% 50% 97.5%

beta[1,2] -2.649 1.18089 5.994

beta[2,2] -49.098 -30.36380 -16.752

beta[3,2] 21.521 37.43575 55.481

beta[1,3] -4.808 0.08833 5.854

beta[2,3] -113.850 -69.31255 -44.593

beta[3,3] 40.716 62.54645 92.264

confint(est)

, , 2

2.5 % 97.5 %

(Intercept) -3.099 4.988

x1 -43.459 -8.153

x2 11.420 52.021

, , 3

2.5 % 97.5 %

(Intercept) -4.745 5.056

x1 -89.593 -27.602

x2 26.237 79.094

6. Ordered probit

6.1. Model

We observe whether latent variables x ′β are in an interval

Pr(yi = 1) = Pr(κ0 < x ′iβ+ u ≤ κ1)

Pr(yi = 2) = Pr(κ1 < x ′iβ+ u ≤ κ2)

Pr(yi = 3) = Pr(κ2 < x ′iβ+ u ≤ κ3)

...
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or (solving for u)

Pr(yi = 1) = Pr(κ0 − x ′
iβ < u ≤ κ1 − x ′

iβ)

Pr(yi = 2) = Pr(κ1 − x ′
iβ < u ≤ κ2 − x ′

iβ)

Pr(yi = 3) = Pr(κ2 − x ′
iβ < u ≤ κ3 − x ′

iβ)

...

The u can follow any (standard) distribution (logistic, normal, . . . )

plot(dnorm,-2,2,xaxt="n",xlab=NA)

kappas<-c(-1.2,.2,1)

for(i in 1:length(kappas)) {x<-kappas[i];lines(c(x,x),c(0,dnorm(x)))}

axis(1,kappas,sapply(1:length(kappas),function(d) sprintf("$\\kappa_%d - x_1’\\beta$",d)))
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1β κ2 − x ′

1β κ3 − x ′
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Marginal effects:

plot(dnorm,-2,2,xaxt="n",xlab=NA)

kappas<-c(-1.2,.2,1)

for(i in 1:length(kappas)) {

x<-kappas[i];lines(c(x,x),c(0,dnorm(x)))

y<-kappas[i]-.15;lines(c(y,y),c(0,dnorm(y)))

arrows(x,.05,y,.05,length=.05)

}

axis(1,kappas,sapply(1:length(kappas),function(d) sprintf("$\\kappa_%d - x_1’\\beta$",d)))
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6.1.1. The maximum likelihood problem

Pr(yi = 1) = Pr(κ0 − x ′
iβ < u ≤ κ1 − x ′

iβ)

Pr(yi = 2) = Pr(κ1 − x ′
iβ < u ≤ κ2 − x ′

iβ)

Pr(yi = 3) = Pr(κ2 − x ′
iβ < u ≤ κ3 − x ′

iβ)

...

lnL =
∑

i

m∑

k=1

Ik(yi) ln Pr(yi = k)

with Ik(yi) =






1 if yi = i

0 otherwise

6.2. Illustration — the Fair data

As an illustration, let us look at a dataset on extramarital affairs, collected by Ray
Fair. Two variables from the dataset are

• ym number of years married

• rate self rating of mariage (unhappy=1. . .5=happy)

Does the rating of marriage change over time? A naïve approach would be to
use OLS and to explain rate as a linear function of ym.
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library(MASS)

library(Ecdat)

data(Fair)

lm(rate ~ ym,data=Fair)

Call:

lm(formula = rate ~ ym, data = Fair)

Coefficients:

(Intercept) ym

4.3255 -0.0481

This approach would assume that all ratings are equidistant. More appropriate
is, perhaps, an ordered logistic model. . .

(estL<-polr(factor(rate) ~ ym,data=Fair))

Call:

polr(formula = factor(rate) ~ ym, data = Fair)

Coefficients:

ym

-0.08371

Intercepts:

1|2 2|3 3|4 4|5

-4.3787 -2.5997 -1.6208 -0.2043

Residual Deviance: 1597.27

AIC: 1607.27

. . . or an ordered probit:

(estP<-polr(factor(rate) ~ ym,data=Fair,method="probit"))

Call:

polr(formula = factor(rate) ~ ym, data = Fair, method = "probit")

Coefficients:

ym

-0.05111

Intercepts:

1|2 2|3 3|4 4|5

-2.4272 -1.5529 -0.9901 -0.1198

Residual Deviance: 1594.99

AIC: 1604.99

The following graph illustrates the estimated thresholds κi:
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probFig <- function (est,main) {

plot(function(x) {x * est$coef},0,55,ylab=expression(kappa),xlab="years of marriage",main=main)

for (a in est$zeta) {

abline(h=a)

lab=names(est$zeta)[which(est$zeta==a)]

text(1,a,labels=lab,adj=c(0,1))

}

}

probFig(estL,main="ordered logistic")

probFig(estP,main="ordered probit")
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To do the same exercise in Stata, we have to export the dataset:

library(foreign)

write.dta(Fair,file="Fair.dta")

use Fair.dta,clear

desc

ologit rate ym
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• Dependent variable y[i]

• Latent variable t[i]

• Independent variable x[i]

• Parameters beta, kappa[j]

modelO <- ’model {

for (i in 1:length(y)) {

y[i] ~ dinterval(t[i],kappa)

t[i] ~ dnorm(beta*x[i],1)

}

for (j in 1:K) {

kappa0[j] ~ dnorm(0,.0001)

}

kappa[1:4] <- sort(kappa0)

beta ~ dnorm(0,.0001)

}’

dataList<-list(y=Fair$rate-1,x=Fair$ym,K=max(Fair$rate)-1)

initList<-with(dataList,list(t=y+1/2,kappa0=1:K))

bayesO <-run.jags(model=modelO,data=dataList,inits=list(initList,initList),

monitor=c("beta","kappa"))

Calling the simulation using the parallel method...

Following the progress of chain 1 (the program will wait for all chains to finish before continuing):

Welcome to JAGS 3.4.0 on Sat Feb 21 18:43:29 2015

JAGS is free software and comes with ABSOLUTELY NO WARRANTY

Loading module: basemod: ok

Loading module: bugs: ok

. . Reading data file data.txt

. Compiling model graph

Resolving undeclared variables

Allocating nodes

Graph Size: 1822

. Reading parameter file inits1.txt

. Initializing model

. Adapting 1000

-------------------------------------------------| 1000

++++++++++++++++++++++++++++++++++++++++++++++++++ 100%

Adaptation successful

. Updating 4000

-------------------------------------------------| 4000

************************************************** 100%

. . . Updating 10000

-------------------------------------------------| 10000

************************************************** 100%

. . . Updating 0

. Deleting model

.

All chains have finished
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Simulation complete. Reading coda files...

Coda files loaded successfully

Calculating the Gelman-Rubin statistic for 5 variables....

Convergence may have failed for this run for 5 parameters after 10000

iterations (multi-variate psrf = 1.296)

Finished running the simulation

summary(bayesO)$quantiles[,c("2.5%","50%","97.5%")]

2.5% 50% 97.5%

beta -0.06787 -0.04768 0.002842

kappa[1] -2.73985 -2.37272 -1.774619

kappa[2] -1.74902 -1.49953 -0.866708

kappa[3] -1.16440 -0.95374 -0.291193

kappa[4] -0.29059 -0.09269 0.476098

estP

Call:

polr(formula = factor(rate) ~ ym, data = Fair, method = "probit")

Coefficients:

ym

-0.05111

Intercepts:

1|2 2|3 3|4 4|5

-2.4272 -1.5529 -0.9901 -0.1198

Residual Deviance: 1594.99

AIC: 1604.99

6.3. Illustration II — a simulated dataset

In the following we generate a latent variable latent. The problem is that we can
not observe latent. We only see y which indicates a range of possible values for
latent. These ranges are defined by cuts.

set.seed(123)

N <-1000

sd<-25

b <-5

x <-runif(N,min=5,max=95)

latent<-b*x+sd*rnorm(N)

cuts<-sort(c(100,200,250,275))

y <- sapply(latent,function(x) sum(x>cuts))

The following graph illustrates the problem. On the left we have the latent
variable on the vertical axis. Our observed variable is shown in the right diagram.
This is the data we use in our regression.
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plot(latent ~ x,main="latent variable")

abline(h=cuts)

abline(v=cuts/b)

plot (y ~ x,main="observed variable")

abline(v=cuts/b)
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polr estimates the ordered model. By default the logistic method is used.

polr(factor(y) ~ x)

Call:

polr(formula = factor(y) ~ x)

Coefficients:

x

0.3657

Intercepts:

0|1 1|2 2|3 3|4

7.324 14.652 18.034 19.852

Residual Deviance: 748.40

AIC: 758.40

Is this the value we should expect? Remember that the logistic distribution has

σ = π/
√
3. As the coefficient for x we should, hence, expect

b/sd*pi/sqrt(3)

[1] 0.3628

and as intercepts

cuts/sd*pi/sqrt(3)

[1] 7.255 14.510 18.138 19.952
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which is both close to the estimated coefficients.
The standard normal distribution has σ = 1, hence we get different results with

the probit method:

polr(factor(y) ~ x,method="probit")

Call:

polr(formula = factor(y) ~ x, method = "probit")

Coefficients:

x

0.2037

Intercepts:

0|1 1|2 2|3 3|4

4.103 8.161 10.050 11.069

Residual Deviance: 744.04

AIC: 754.04

As the coefficient for x we should expect

b/sd

[1] 0.2

and as intercepts

cuts/sd

[1] 4 8 10 11

7. Count data

7.1. Model

Poisson process (birth-only process):
be N(t) the number of arrivals until time t

Pr (N(t+ τ) −N(t) = y) =
e−λτ(λτ)y

y!

λ = expected number of arrivals per unit of time
Poisson distribution:

Pr(Yi = yi|xi) =
e−λiλ

yi
i

yi!
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n<-0:10;

plot(n,dpois(n,lambda=5),t="p")
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Link function It is convenient to assume

ln λi = x ′
iβ

Pr(Yi = yi|xi) =
e−e

x ′
i
β
(

ex
′
iβ
)yi

yi!

lnL =

n∑

i=1

−ex
′
iβ + yix

′
iβ− lnyi!

∂ lnL

∂β
=

n∑

i=1

(

yi − ex
′
iβ
)

xi = 0

The Hessian is negative definite and Newton’s method converges quickly

7.2. Illustration — the Fair data

The dataset collected by Ray Fair contains another interesting variable:

• nbaffairs number of affairs in past year

We will assume that this variable follows a Poisson distribution.
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library(Ecdat)

library(MASS)

data(Fair)

table(Fair$nbaffairs)

0 1 2 3 7 12

451 34 17 19 42 38

(est<-glm(nbaffairs ~ sex + rate + ym + age + child +

religious + occupation,family=poisson(link=log),

data=Fair))

Call: glm(formula = nbaffairs ~ sex + rate + ym + age + child + religious +

occupation, family = poisson(link = log), data = Fair)

Coefficients:

(Intercept) sexmale rate ym age childyes

2.55999 0.05835 -0.41038 0.11695 -0.03302 -0.00256

religious occupation

-0.35479 0.07211

Degrees of Freedom: 600 Total (i.e. Null); 593 Residual

Null Deviance: 2930

Residual Deviance: 2360 AIC: 2870

While it is tempting to include each and every variable, not all explanatory
variables seem to have a linear impact.

est2<-glm(nbaffairs ~ sex + rate + ym + factor(age) + child +

religious + occupation,family=poisson(link=log),

data=Fair)

xx<-confint(est2)[grep("age",names(coef(est2))),]

xx<-cbind(xx,as.numeric(sub("factor\\(age\\)","",rownames(xx))))

plot(xx[,2] ~ xx[,3],xlab=’age’,ylab=’$\\beta$’,t=’l’)

lines(xx[,1] ~ xx[,3])
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In this context we should mention the dropterm function:

dropterm(est,sort=TRUE)

Single term deletions

Model:

nbaffairs ~ sex + rate + ym + age + child + religious + occupation

Df Deviance AIC

child 1 2360 2868

sex 1 2360 2868

<none> 2360 2870

occupation 1 2370 2878

age 1 2393 2901

ym 1 2479 2987

religious 1 2493 3001

rate 1 2573 3081

Let us, hence, look at a simpler model:

est2<-glm(nbaffairs ~ rate + religious + ym ,

family=poisson(link=log),data=Fair)

summary(est2)

Call:

glm(formula = nbaffairs ~ rate + religious + ym, family = poisson(link = log),

data = Fair)

Deviance Residuals:

Min 1Q Median 3Q Max

-4.204 -1.598 -1.129 -0.745 7.408
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Coefficients:

Estimate Std. Error z value Pr(>|z|)

(Intercept) 2.17408 0.14449 15.1 <2e-16 ***

rate -0.40219 0.02734 -14.7 <2e-16 ***

religious -0.36378 0.03074 -11.8 <2e-16 ***

ym 0.07563 0.00683 11.1 <2e-16 ***

---

Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

(Dispersion parameter for poisson family taken to be 1)

Null deviance: 2925.5 on 600 degrees of freedom

Residual deviance: 2401.6 on 597 degrees of freedom

AIC: 2904

Number of Fisher Scoring iterations: 6

As with other models, we have the usual extractor functions:

confint(est2)

2.5 % 97.5 %

(Intercept) 1.88862 2.4551

rate -0.45568 -0.3485

religious -0.42418 -0.3037

ym 0.06231 0.0891

Of course, the same can be done with Stata.

use Fair.dta,clear

desc

poisson nbaffars rate ym child occupatn

8. Doing maximum likelihood

Motivation In this course we cover a few applications for the ML method. Many
more are conceivable. You might find yourself in a situation where you know the
likelihood function but there is not ready-made R or Stata function that imple-
ments this function. Don’t worry! It is quite straightforward to write your own
likelihood maximisers.

As an example, we will look again at the logistic model:

L(β|{y,X}) =
∏

i

(F(θi))
yi (1− F(θi))

1−yi

or, in logs,

lnL =
∑

i

(yi ln F(θi) + (1− yi) ln (1− F(θ)))
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with θi = x ′
iβ

Let us first create a few random numbers:

set.seed(123)

N<-100

sd<-.2

x <- runif(N)

lat<- x-.5+sd*rnorm(N)

y<-ifelse(lat>0,1,0)

If F is the logistic distribution we need a couple of logs ln F() and ln(1− F()).
Luckily, the plogis function already implements logs and 1− F().

Compare

1-plogis(3)

[1] 0.04743

and

plogis(3,lower.tail=FALSE)

[1] 0.04743

This is more than a simplification. What, if our θ becomes so large, that round-
ing errors come in the way of our calculations? Compare

1-plogis(38)

[1] 0

with

plogis(38,lower.tail=FALSE)

[1] 3.139e-17

Both expressions should be the same, but, due to rounding, the are not. This is
crucial when we take logs:

log(1-plogis(38))

[1] -Inf

log(plogis(38,lower.tail=FALSE))

[1] -38

or, simpler
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plogis(38,lower.tail=FALSE,log=TRUE)

[1] -38

We exploit this, when we write our log-likelihood function:

logli=function(beta) {

n=length(x)

onevec=rep(1,n)

theta=x*beta[2]+onevec*beta[1]

-(sum(y*(plogis(theta,log.p=TRUE)))+

sum((1-y)*plogis(theta,lower.tail=FALSE,log.p=TRUE)))

}

This function takes as an argument a vector of coefficients β and returns the
log-likelihood:

logli(c(-2,6))

[1] 50.88

Finding the maximum is now easy. We just give a starting value and let R do
the rest (We can ask for more detail by setting trace to a larger value):

optim(c(-2,6),logli,control=list(trace=0))

$par

[1] -4.095 7.778

$value

[1] 39.46

$counts

function gradient

55 NA

$convergence

[1] 0

$message

NULL

This is the result that we also get with the built in function glm

glm( y ~ x,family=binomial(link="logit"))

Call: glm(formula = y ~ x, family = binomial(link = "logit"))

Coefficients:

(Intercept) x
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-4.10 7.78

Degrees of Freedom: 99 Total (i.e. Null); 98 Residual

Null Deviance: 138

Residual Deviance: 78.9 AIC: 82.9

Let us export the dataset for Stata, so that we can repeat the exercise there, too:

library(foreign)

write.dta(as.data.frame(cbind(x,y)),file="ml.dta")

use ml

list in 1/10

capture program drop logli

program logli

args todo b lnf

tempvar theta

mleval ‘theta’ = ‘b’

mlsum ‘lnf’=$ML_y1*ln(exp(‘theta’)/(1+exp(‘theta’)))+

(1-$ML_y1) * ln(exp(-‘theta’)/(1+exp(-‘theta’)))

end

ml model d0 logli (y = x)

ml check

ml search

ml maximize

logit y x

9. What have we learned

Discrete Choice

R Stata

binomial choice (logit, probit) glm logit

multinomial choice multinom mlogit

ordered choice polr ologit

count data glm poisson

censored data survreg intreg

Different Methods

• OLS is not suitable for these problems, estimator is biased

• ML approach

– consistency

– goodness of fit

– marginal effects
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On the programming side

• datastructures in STATA and R

• libraries in R and extra Matrix languages in STATA

• plotting (plot, hist, abline / twoway scatter, ...)

• creating data (rnorm, runif, ecdf / gen, invnorm, uniform, cumul )

• estimation commands (lm, glm, fitted / reg, logit, probit, predict)

• concatenating things (c,cbind,rbind / “\”, append)

• writing functions (function / program)

A. Exercises

A.1. Coconut island

You receive a dataset from a hypothetical friend (coconut.csv from the attached
set of files)1. This friend has visited several tropical islands and has recorded
demand for coconuts (quantity) and prices (price) as well as an index for the island
(name).

• Run an OLS to explain prices as a function of the demand for coconuts.
Draw a diagram where you describe quantity and price on each island.
Draw into this diagram the regression line.

• Now run an OLS separately for each island. Plot, for each island separately,
the intercept and the slope of the regression. Draw, into the same diagram,
the result of the previous regression.

• Do you see any structure in the estimated coefficients? If so, which?

• What is the highest values of the intercept for those islands where you could
estimate a regression line

• You can read the file in R with the function read.table

In STATA you read the file with insheet

1You can extract the files that are bundled with this PDF document with most PDF viewers (including
Acrobat Reader) and with pdftk. The icon in Acrobat is either a paper-clip or a drawing-pin.
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• You may find it clumsy to run the separate regression for all the islands. In
R have a look at the manual entry for the lm command. The subset option
allows you to include only a part of a dataset, the data option allows to refer
to a specific dataset, without always refering to its name.

In STATA the if qualifier in a reg command allows you include only part of
a dataset.

A.2. Mosquitos

A biologist is trying to kill mosquitos with a poisonous drug. The attached dataset
mosquito.csv contails the following information: The id of the mosquito is coded
in the first column, the amount of poison in the second column, the status of the
mosquito is shown in the third column. The fourth column, finally, contains the
id of the research assistant who administered the poison.

• Estimate a probit model that explains survival of the mosquito as a function
of the amount of poison.

What is the critical amount of poison such that the surivial probability is just
1/2?

• Draw a diagram with the marginal effect on the vertical axis and the amount
of poison on the horizontal axis.

• Our biologist remembers that two of her assistants joined the team later. As
a result, their animals were treated for a shorter time. Unfortunately, our
biologist forgot who these assistants were.

To help her, draw in one diagram for each of the assistants the marginal
effects. Are they all similar? Can you identify the two who are different?

A.3. Sellers

Attached you find the dataset sellers.csv from a hypothetical experiment where
60 subjects repeatedly had the opportunity to sell an object at a specified price.

The dataset contains 2000 observations. Each line contains one observation.
Columns are separated by commas.

The first columns contains an “S” if the subject was sold, otherwise an “H” The
second column contains the price. The third column contains the subject id (a
number between 1 and 60)

• Read the data and inspect it carefully for coding mistakes. Which mistakes
do you find? Unfortunately, coding mistakes are very frequent in most of the
data that you will receive. Developing strategies to detect coding mistakes
and to eliminate them ex post is a major part of this exercise.
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• Assume that all subjects are alike. Estimate the decision of the subjects as a
logit model and determine the threshold between sell and hold.

• Now assume that subjects are different. Estimate for each subject the thresh-
old. Plot the cumulative distribution function of thresholds.

Help for R

• When you read files with read.table R tries to guess what is the best format
to store the different columns of your data. Data that does not look like
number is coded as factors, i.e. as a categorical variable. If this is not what
you have in mind the option read.table(...,colClasses="character")

might help to store data as character strings.

• Once you have character strings the function substr may help you to access
parts of these strings.

• The function table helps you to get a quick overview over different levels
of a variable. Check whether a variable that is supposed to take only values
“S” and “H” really takes only these values. If not, use the substr function
to extract those parts of the data you can use and drop the rest.

You may want to write those parts of the data that you can use to another
file (with write.table and read it again.

Help for Stata

• You can read the data with the insheet command.

• Once you have character strings the function substr may help you to access
parts of these strings.

• The functions tab helps you to get a quick overview over different levels of
a variable. Check whether a variable that is supposed to take only values "S"
and "H" really takes only these values. If not, use the substr may function
to extract those parts of the data you can use and drop the rest.

You may want to write those parts of the data that you can use to another
file (with outsheet) and read it again.

If you get strange errors, issue the command set trace on and then ex-
ecute your code again. You will obtain more information about when the
error occurs.

If you get a strange error that involves an if qualifier then have a look at the
help page for if. Note the difference between == and =.

http://finzi.psych.upenn.edu/R/library/base/html/read.table.html
http://finzi.psych.upenn.edu/R/library/base/html/substr.html
http://finzi.psych.upenn.edu/R/library/base/html/table.html
http://finzi.psych.upenn.edu/R/library/base/html/substr.html
http://finzi.psych.upenn.edu/R/library/base/html/write.table.html
http://www.stata.com/help.cgi?insheet
http://www.stata.com/help.cgi?substr
http://www.stata.com/help.cgi?tabulate
http://www.stata.com/help.cgi?substr
http://www.stata.com/help.cgi?outsheet
http://www.stata.com/help.cgi?trace
http://www.stata.com/help.cgi?if
http://www.stata.com/help.cgi?if
http://www.stata.com/help.cgi?operators
http://www.stata.com/help.cgi?operators
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A.4. Intermediate Problems

The dataset inter1.csv contains three variables, the independent variables x1

and x2 and the dependent y.

1. Use a logistic regression to estimate the relationship.

2. You use this model to predict outcomes. Your boss is not interested in prob-
abilities but needs a clear classification. You assume that a predicted prob-
ability larger than 1/2 corresponds to a success and anything less than 1/2
to a failure. Using the model you estimated above, how many events are
wrongly classified as failures and how many are wrongly classified as suc-
cesses?

3. You (rightly) find it inappropriate to use the same data to estimate and to
test the prediction quality. Take only the first half of the dataset to esti-
mate the model and use the second half to test the quality of the predictions.
How many events are now wrongly classified as failures and how many are
wrongly classified as successes

4. What is the p-value of x2 in the first estimation? Should you keep x2 in
the model equation at all? Estimate the model without x2. What is the
proportion of correctly predicted values for y? Did using the p-value help
in selecting a good model?

5. Draw a diagram with x1 and x2 at the two axes. Use different colors or dif-
ferent symbols to indicate the different values of y. For each of the above
estimations, draw a line that separates the predicted successes from the fail-
ures. What is the problem in this exercise?

A.5. Tobit

Consider the following linear relationship

y = 5.3x− 2.6+ ǫ

Assume that y is only observable when y ∈ (20, 25). All smaller values are coded
as 20, all larger values are coded as 25. The standard deviation of ǫ is 17.

• Take a sample of size 30 and calculate the coefficient of x with the help of an
interval regression and with the help of OLS.

• Repeat this process 100 times and draw the cumulative distribution of the
coefficients.
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A.6. Auctions

The attached dataset auctions.csv could be from a hypothetical experiment on
bidding behaviour in auctions. You receive a dataset from a hypothetical ex-
periment on bidding behaviour in auctions. In the experiment 2000 bidders are
grouped into pairs of 2 bidders. In each group they bid for one item. Each bidder
has a valuation for the item, though, the valuation is typically different for differ-
ent bidders. In each group bidders will be called bidder 1 and bidder 2. Which is
called bidder 1 and which is bidder 2 is entirely random. v1 and v2 are the valu-
ations for bidders 1 and 2. The auction is an English auction, i.e. in each auction
the price is increasing until one of the two bidders stops bidding. At this stage the
other bidder wins the object. b contains the winning bid. wi is the identity of the
winning bidder (1 or 2).

We assume that the bid is a linear function of the valuation. Explain why we
have a censoring problem here.

Read the data and estimate a linear bidding function.

Several observations for one observation It is typical, but a bit inconvenient that
you find information for both bidders in the same record.

Rearrange the data

wide
v1 v2 b wi

54.35 15.56 83.42 2
75.73 99.85 38.22 1
44.43 8.61 7.50 2

...
...

...
...

→

long
id v b wi
1 54.35 83.42 2
2 15.56 83.42 2
1 75.73 38.22 1
2 99.85 38.22 1

Similar problems which require reshaping

personId
...

income2003
...

income2004
...

income2005
...

↓
personID

...

year
...

income
...

year
...

patentsFirmA
...

patentsFirmB
...

patentsFirmC
...

↓
year

...

Firm
...

patents
...
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Both Stata and R have a powerful reshape command that supports you in these
conversions.

A.7. Outdoor

Attached you find the dataset outdoor.csv which could be from a hypothetical
study on choice of favourite outdoor activities. The dataset contains descriptive
variables x1, x2, x3, and x4 for 1000 participants of the study. Each participant
spends 20 days in a holiday resort. Participants have been asked on each of the 20
consecutive days for their preferred activity from a set of five activities {1, 2, 3, 4, 5}.
The chosen activity for each of the 20 days is coded as the value of the variable v1,
v2, . . . , v20.

1. Reshape the data such that each record contains only one participant on one
day.

2. Use a multinomial logit to estimate the determinants of the favourite activ-
ity. Independent variables are x1, x2, x3, and x4 as well as the time already
spent in the holiday resort. In R you would need the commands

library(nnet)

multinom(v ~ x1 + x2 + x3 + x4 + time)

In Stata you would say

mlogit v x1 x2 x3 x4 time

In any case the multinomial logit estimates coefficients β2,β3, . . . if proba-
bilities of events y = 1, or y = 2, or y = 3,. . . are given by

Pr(y = 1) =
1

1+
∑m

k=2 e
x ′βk

Pr(y = 2) =
ex

′β2

1+
∑m

k=2 e
x ′βk

Pr(y = 3) =
ex

′β3

1+
∑m

k=2 e
x ′βk

...

3. Can you say that an increase in x3 increases the relative preference of activity
5 compared with activity 4? Explain your answer.
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4. What is the impact of an increase in x3 by one unit on the relative probabili-
ties to choose 5 rather than 4?

5. Can you say that an increase in the length of the stay increases the relative
preference of activity 2 compared with activity 1? Explain your answer.
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		86.36		64.86		5.48		2

		74.66		91.63		44		1

		66.83		21.67		29.41		1

		61.8		54.8		61.64		1

		37.22		72.01		29.57		2

		52.98		39.72		31.21		2

		87.47		9.4		48.35		2

		58.18		63.49		49.52		2

		83.98		0.25		46.99		1

		31.24		21.05		-10.53		2

		70.83		67.9		33.67		1

		26.5		86.62		86.72		2

		59.43		79.97		53.99		1

		48.13		13.5		70.8		1

		26.5		38.75		-14.49		2

		56.46		78.85		79.73		2

		91.32		69.29		103.25		1

		90.19		59.43		43.05		2

		27.42		12.39		6.76		2

		32.15		55.51		98.66		1

		98.56		44.94		137.03		1

		62		76.62		53.98		2

		93.73		2.61		12.32		1

		46.65		19.52		59.15		2

		40.68		88.12		36.07		2

		65.92		10.98		91.07		1

		15.23		96.86		55.06		2

		57.29		38.52		47.47		2

		23.87		85.86		134.21		2

		96.24		88.74		25.82		2

		60.14		48.91		64.13		1

		51.5		71.81		71.2		2

		40.26		48.67		75.59		2

		88.02		98.87		87.88		1

		36.41		6.48		29.82		2

		28.82		15.77		58.73		1

		17.06		78.53		0.78		2

		17.22		54.22		52.04		2

		48.2		41.65		32.18		1

		25.3		99.89		65.52		2

		21.63		25.57		21.54		1

		67.44		50.79		97.19		2

		4.77		7.9		30.56		2

		70.09		81.37		68.07		1

		35.19		38.22		47.22		2

		40.89		80.22		-8.47		2

		82.1		19.79		4.39		2

		91.89		94.64		103.45		2

		28.25		34.57		30.91		1

		96.11		52.21		62.52		2

		72.84		11.17		-3.29		2

		68.64		88.6		8.82		1

		5.28		95.43		12.5		2

		39.52		4.04		54.03		1

		47.78		49.36		82.54		2

		56.03		22.61		74.46		1

		69.83		85.88		53.98		2

		91.57		53.09		60.28		1

		61.84		0.46		-3.18		1

		42.84		27.76		99.57		1

		54.21		32.52		71.02		2

		5.85		58.87		67.05		2

		26.09		24.97		36.23		2

		39.72		4.31		46.77		2

		19.77		11.07		-2.53		1

		83.19		70.38		65.57		2

		15.29		93.9		55.34		2

		80.34		31.12		80.55		1

		54.68		7.85		-1.7		1

		66.23		32.17		65.36		1

		17.17		62.49		65.56		1

		63.31		44.02		9.16		2

		31.19		80.13		0.21		2

		72.46		27.93		62.26		1

		39.89		57.07		45.55		2

		96.94		4.21		70.42		1

		96.74		19.07		104.56		1

		72.67		72.71		51.82		1

		25.72		82.67		54.93		1

		22.18		51.07		36.01		1

		59.3		56.77		47		1

		26.75		0.12		28.82		1

		53.11		14.38		78.21		1

		78.53		86.6		79.33		2

		16.81		8.26		-35.8		1

		40.44		24.46		43.9		1

		47.16		98.15		18.79		1

		86.81		57.76		46.37		1

		92.57		24.87		75.94		1

		88.2		61.5		74.23		1

		67.42		3.18		23.2		1

		95.02		14.64		35.01		1

		51.64		70.31		52.61		2

		57.65		6.56		71.35		1

		33.63		62.18		46.15		2

		34.73		93.73		74.69		1

		2		8.79		0.7		1

		50.28		97.28		70.17		1

		87.1		2.6		78.87		1

		0.63		72.52		34.69		2

		7.21		45.37		63.97		2

		16.42		56.62		-2.98		1

		77.03		87.27		89.4		2

		73.52		55.46		45.94		1

		97.19		73.77		50.55		1

		46.65		62.31		61.05		1

		7.44		31.1		31.15		2

		64.88		39.22		29.63		1

		75.86		20.21		18.56		1

		13.71		85.28		31.37		2

		39.66		60.68		17.08		1

		22.5		75.61		17.46		2

		5.8		56.25		46.36		2

		39.59		27.59		16.9		1

		6.49		73.56		64.31		2

		22.59		54.93		46.9		2

		5.46		34.61		43.13		2

		67.03		51.5		51.99		2

		29.77		81.58		41.03		1

		10.07		52.63		75.97		1

		7.19		20.3		75.35		2

		88.04		84.81		103.75		1

		75.42		37.05		41.03		1

		81.66		30.33		45.45		1

		98.21		77.06		62.1		1

		10.36		73.34		25.79		2

		9.9		83.89		16.01		2

		79.88		56.9		76.28		1

		78.46		2.63		9.63		2

		0.94		48.61		16.89		2

		77.91		54.27		28.39		2

		72.94		83.67		58.29		2

		63.01		72.87		48.5		1

		48.09		55.51		73.34		2

		15.66		7.34		91.7		2

		0.82		13.65		65.91		2

		45.25		68.46		16.05		2

		49.23		9.96		24.6		1

		38.96		20.38		73.18		1

		46.47		36.6		53.51		2

		71.33		84.62		73.43		2

		5.53		23.69		-27.22		1

		35.48		70.49		-1.4		1

		80.28		10.76		57.69		1

		83.57		77.91		64		2

		23.77		25.51		47.67		2

		35.4		54.8		68.31		1

		85.69		3.39		57.26		1

		85.38		80.61		19.34		1

		29.59		33.78		-63.61		2

		14.7		91.63		83.44		1

		70.4		35.71		170.81		1

		10.38		97.54		62.2		2

		3.37		38.44		35.68		1

		99.94		48.87		98.95		1

		3.49		49.08		9.73		2

		33.84		1.23		71.77		2

		91.51		64.15		54.13		2

		61.72		51.26		73.24		2

		28.63		32.04		39.21		1

		73.78		58.14		26.49		2

		83.41		61.73		33.13		1

		31.43		43.83		11.21		1

		49.26		17.04		6.63		2

		69.74		71.51		68.37		1

		64.15		74.78		36.06		2

		64.39		84.39		35.08		2

		97.79		53.48		34.08		2

		41.47		30.22		11.99		1

		11.94		45.65		64.37		1

		52.6		38.43		3.02		1

		22.51		24.9		46.3		2

		48.64		65.46		34.61		2

		37.02		95.53		44.42		2

		98.34		29.11		2.52		1

		38.83		65.02		35.73		1

		22.92		53.64		-16.65		2

		62.33		59.75		43.33		1

		13.65		2.49		0.97		1

		96.75		0.48		39.51		2

		51.51		13.14		11.61		2

		16.31		2.48		43.56		1

		62.19		9.21		67.22		1

		98.6		47.56		129.52		1

		66.88		19.67		39.53		2

		41.89		81.47		31.7		2

		32.33		24.41		-4.71		2

		83.53		48.88		58.1		1

		14.38		64.89		83.2		1

		19.28		15.87		39.93		2

		89.67		83.7		105.43		2

		30.81		43.66		46.13		1

		36.33		23.35		-28.56		1

		78.39		29.89		32.35		1

		19.34		15.94		128.86		2

		1.78		58.56		35.93		1

		40.66		14.88		53.27		2

		48.32		17.91		43.24		1

		42.18		33.92		1.44		1

		34.28		18.39		-19.22		2

		86.65		40.55		95.14		1

		45.51		61.36		96.35		2

		53.38		68.57		46.36		2

		96.38		82.35		73.35		1

		77.46		37.4		52.25		2

		20.89		95.28		130.51		2

		30.88		1.88		31.97		2

		97.13		61.24		73.39		1

		58.49		46.36		47.1		1

		76.08		35.47		54.92		1

		37.27		88.24		36.33		1

		76.92		7.58		60.75		1

		53.77		88.33		52.46		1

		91.4		18.82		25.21		2

		18.53		21.51		58.02		2

		28.22		86.95		23		2

		9.5		6.08		33.74		1

		21.05		23.49		25.76		2

		97.71		99.3		58.69		2

		29.63		67.82		2.94		2

		72.6		43.55		78.59		1

		78.57		37.73		90.45		1

		10.54		46.12		36.78		1

		23.96		80.19		-8.8		2

		27.05		66.3		58.48		2

		10.11		46.6		80.4		2

		11.79		5.33		57.88		2

		99.12		23.72		46.77		2

		98.61		23.32		5.86		1

		13.71		23.07		-9.72		2

		90.53		6.17		73.86		1

		57.63		49.71		11.55		1

		39.54		24.41		40.57		2

		44.98		75.82		74.29		1

		70.65		54.73		58.46		1

		8.25		94.81		58.71		1

		33.93		8.62		3.4		2

		68.08		94.79		53.39		2

		31.69		72.24		18.45		1

		83.16		92.2		64.72		1

		21.52		61.38		31.79		2

		49.79		16.1		66.52		2

		27.6		18.29		26.1		1

		19.2		73.02		20.15		1

		95.06		58.95		67.87		1

		32.17		31.25		22.64		2

		47.85		77.28		60.94		1

		2.8		33.63		27.33		1

		54.75		85.57		21.36		1

		64.42		58.05		73.83		1

		59.63		41.57		41.52		1

		32.19		93.26		42.85		1

		89.11		46.27		88.05		2

		62.63		9.93		94.53		1

		30.29		46.54		26.32		2

		38.82		98.41		53.32		1

		16.05		92.53		4.02		1

		86.26		43.54		47.21		2

		95.31		86.97		79.03		1

		56.36		30.04		124.43		2

		32.95		79.8		43.6		2

		99.66		80.05		65.57		1

		23.48		38.69		16.68		2

		61.27		38.16		92.83		2

		10.82		64.55		58.83		2

		48.7		86.17		50.74		1

		9.94		65.66		-13.18		1

		16.12		51.63		-15.73		2

		28.3		14.88		13.88		1

		58.39		61.28		84.12		1

		73.17		4.2		11.17		1

		16.55		49.84		30.6		1

		86.65		73.95		68.66		2

		70.86		75.39		91.5		2

		76.04		6.31		-24.63		2

		14.71		44.25		4.33		2

		35.81		50.07		39.95		1

		67.33		27.02		32.28		1

		52.38		59.88		100.21		1

		34.98		73.58		105.36		2

		24.05		71.36		46.01		1

		5.82		11.65		56.28		1

		23.66		57.51		48.17		2

		89.01		79.81		64.91		1

		81.18		23.18		75.34		1

		74.75		72.49		92.15		1

		15.49		83.8		59.64		2

		12.47		11.88		23.08		1

		97.47		95.9		48.5		2

		43.61		74.78		50.99		1

		46.4		81.09		43.21		1

		16.53		18.99		33.63		1

		58.49		2.6		46.19		1

		27.08		86.38		46.88		2

		23.01		91.92		73.7		2

		69.12		13.76		62.05		1

		28.29		47.76		57.02		2

		81.04		46.3		10.17		2

		9.39		70.02		-6.91		1

		82.2		6.56		-7.93		2

		42.74		73.3		83.44		2

		75.59		39.59		32.01		1

		66.24		46.15		-38.81		1

		44.45		72.53		55.92		2

		62.71		47		75.46		1

		0.05		99.95		33.95		2

		21.72		84.59		49.23		2

		70.49		82.82		96.19		2

		21.52		76.16		90.05		2

		81.39		11.21		67.19		1

		30.78		83.9		42.38		2

		68.77		81.39		81.74		1

		93.27		99.14		20.46		2

		11.58		4.83		82.75		2

		12.77		74.68		97.26		2

		67.82		41.93		33.94		1

		42.89		58.21		110.03		1

		83.44		83.07		80.5		1

		97.14		1.35		85.72		2

		7.05		1.15		5.16		2

		45.98		99.64		26.06		2

		70.16		76.57		126.44		1

		8.69		31.47		-28.25		2

		99.29		81.2		69.66		2

		25.31		99.12		107.2		2

		4.95		20.08		43.23		1

		68.63		64.6		90.35		2

		78.69		43.76		47.54		2

		35.36		93.8		19.75		2

		36.64		98.8		72.37		2

		28.71		45.63		-5.36		2

		8		23.06		29.08		1

		36.55		69.55		65.75		2

		17.8		55.66		93.99		1

		53.61		58.47		41.45		1

		50.39		43.36		62.44		2

		94.5		42.62		88.23		1

		34.13		59.69		93.65		2

		46.47		45.21		104.28		2

		8.25		95.66		72.41		2

		86.01		84.44		73.46		1

		39.57		22.28		64.95		1

		73.59		42.02		40.65		2

		17.17		42		30.04		1

		45.48		2.08		12.57		2

		77.02		38.04		65.8		1

		6.26		42.23		52.65		2

		81.51		19.14		37.23		2

		30.11		70.53		84.99		2

		36.47		1.35		79.96		2

		31.21		73.12		10.7		2

		3.74		43.27		60.28		2

		51.88		73.12		25.61		1

		67.9		1.39		42.25		1

		90.32		4.53		106.46		1

		2.55		41.84		-8.61		2

		98.91		64.38		46.02		2

		30.29		21.98		40.41		1

		93.91		83.34		117.44		1

		68.76		69.48		51.42		1

		44.7		89.91		21.8		1

		81.65		41.42		28.52		1

		3.95		41.1		30.27		2

		73.9		25		76.51		1

		34.87		37.38		24.16		2

		82.93		23.19		48.01		1

		53.55		93.16		82.59		2

		27.45		47.63		66.92		2

		80.09		4.77		84.5		1

		9.16		77.35		83.66		2

		83.21		33.11		38.56		1

		27.69		55.29		69.63		1

		75.31		67.63		44.24		1

		96.42		27.73		111.32		1

		8.15		5.29		55.32		2

		85.44		42.58		67.28		1

		80.22		61.01		50.26		2

		38.52		97.6		14.76		1

		32.76		96.98		56.34		2

		20.49		8.85		29.58		2

		56.94		49.84		59.36		2

		88.81		39.57		82.33		1

		52.97		39.03		63.05		1

		58.7		31.85		-22.6		1

		66.57		68.26		103.68		2

		52.99		28.46		-17.71		2

		50.98		39.01		50.11		2

		1.62		99.02		62.22		2

		4.77		79.2		-2.94		2

		92.94		31.24		86.21		1

		76.93		81.71		42.19		2

		20.11		22.09		43.78		2

		65.03		50.11		33.78		2

		65.38		16.7		43.09		2

		39.53		11.97		56.35		1

		81.23		89.76		89.49		2

		54.7		9.37		17.79		1

		88.51		86.51		64.34		2

		55.33		27.66		80.7		1

		90.6		2.73		35.12		2

		58.75		78.74		14.53		2

		42.35		35.87		25.04		2

		94.96		2.51		-15.92		1

		70.9		74.61		73.65		2

		41.33		2.96		28.36		1

		1.84		43.39		90.98		2

		56.67		25.66		44.45		2

		49.01		49.8		24.35		2

		87.87		65.34		80.92		2

		81.29		8.37		74.72		1

		85.41		18.05		31.55		2

		36.79		10.45		36.01		1

		87.39		81.24		57.54		2

		15.13		62.75		18.86		1

		28.18		63.06		-15.54		1

		66.67		39.09		12.4		1

		97.74		43.23		119.64		1

		58.27		34.86		55.87		1

		52.66		79.36		30.12		2

		6.08		88.69		8.1		1

		96.9		65.11		118.82		2

		12.02		59.29		57.72		2

		8.84		32.78		94.26		2

		88.08		7.57		52.31		2

		50.84		59.14		12.28		1

		33.75		17.83		95.78		1

		89.43		74.14		-20.56		2

		3.2		29.39		44.31		2

		23.72		63.92		96.91		2

		68.65		12.48		60.59		1

		22.58		25.53		-6.87		1

		31.85		82.06		76.34		2

		17.4		80.38		-20.47		2

		80.14		4.58		79.16		2

		14.63		87.55		106.46		1

		82.27		12.8		80.72		1

		33.1		60.88		83.57		1

		37.42		46.96		55.31		1

		62.97		55.73		77.26		1

		9.66		73.04		40.95		1

		2.2		46.99		20.12		1

		99.3		98.86		26.35		1

		58.39		98.47		58.78		2

		78.18		39.33		53.7		2

		89.19		60.88		99.52		2

		75.49		34.55		73.72		1

		97.92		43.71		90.24		1

		4.41		22.91		6.01		1

		90.34		0.61		46.56		2

		86.55		2.39		174.9		1

		77.54		5.88		68.24		1

		37.68		76.46		75.66		1

		4.21		46.9		43.24		2

		36.44		85.08		54.35		2

		27.38		58.17		71		2

		85.05		18.69		109.58		1

		36.24		60.91		76.21		2

		30.45		89.33		49.37		1

		75.91		79.43		22.55		2

		84.48		50.41		26.22		2

		45.79		42.3		-21.62		2

		72.96		65.44		81.02		1

		10.41		88.77		88.79		2

		22		89.2		110.67		2

		95.4		17.84		102.46		1

		75.2		25.75		82.25		1

		81.9		11.34		18.41		2

		41.78		79.72		43.8		2

		59.38		10.95		-19.45		1

		79.88		82.91		51.75		2

		88.84		77.1		109.08		1

		38.52		94.37		77.26		1

		9.03		46.7		52.37		2

		62.57		93.99		18.68		2

		74.56		78.52		33.5		2

		8.54		87.46		4.78		2

		30.05		39.45		53.13		1

		61.46		9.97		24.68		2

		75.29		27.7		33.95		2

		91.71		72.22		38.65		1

		47.58		35.63		80.2		1

		56.71		38.27		78.85		2

		73.66		3.2		16.51		2

		85.74		52.14		32.37		2

		90.91		12.11		12.4		1

		5.64		88.52		54.56		2

		50.29		7.46		60.67		1

		35.05		78.42		44.68		2

		84.56		85.41		83.21		1

		80.64		3.72		40.54		1

		11.73		27.51		58.93		2

		71.27		64.21		30.6		2

		23.53		78.51		-14.9		1

		7.5		40.01		16.01		2

		93.56		93.53		88.54		1

		15.72		39.05		68.73		2

		64.71		42.4		49.76		1

		17.35		28.64		72.84		1

		2.01		61.17		30.78		2

		52.13		55.88		66.57		1

		8.63		4		2.88		1

		28.3		74.53		-3.76		2

		42.04		20.65		57.96		1

		58.73		65.65		84.61		1

		80.67		52.24		75.46		1

		20.2		63.34		14.11		2

		45.94		61.76		38.25		2

		44.81		28.49		77.51		1

		73.37		22.38		50.8		1

		71.48		53.9		68.92		1

		83.12		99.64		29.07		2

		88.66		32.89		94.77		1

		95.26		32.33		52.97		2

		55.06		3.53		52.54		1

		52.23		52.56		5.17		2

		17.07		59.68		-27.81		2

		47.93		74.21		-29.75		1

		25.38		95.28		48.79		2

		3.98		48.96		86.01		2

		63.48		8.33		69.55		2

		53.96		25.99		-9.51		2

		14.01		87.48		77.59		1

		28.37		85.21		21.07		2

		58.3		84.29		70.55		2

		16.5		94.69		-12.83		1

		9.63		65.27		42.54		2

		42.86		48.82		24.92		1

		35.58		18.78		18.23		1

		84.49		71.3		34.54		1

		26.01		8.51		-3.98		2

		2.31		46.12		-42.9		2

		86.24		93.59		117.87		1

		33.46		84.53		88.35		1

		63.18		71.62		37.66		2

		54.64		12.38		24.63		2

		37.64		59.48		73.83		1

		18.59		98.99		49.23		1

		42.89		61.54		72.51		1

		63.08		27.31		-11.33		1

		52.08		6.37		129.13		1

		65.96		7.23		-12.36		1

		72.94		87.35		66.62		1

		48.68		36.28		29.99		1

		38.45		94.56		60.46		2

		0.68		55.83		79.59		2

		0.37		51.27		38.98		2

		99.49		94.78		114.65		1

		10.79		10.98		8.97		1

		41.87		81.89		94.97		2

		71.79		37.73		44.28		1

		74.25		55.66		22.12		1

		87.2		31.39		31.78		2

		60.79		8.23		40.54		1

		75.62		77.99		76.89		2

		84.72		19.32		-11.93		2

		61.28		65.56		23.33		2

		79.32		43.51		-3.49		1

		2.29		19.71		5.43		1

		41.69		99.47		117.82		2

		87.49		44.67		62.01		2

		64.73		3.14		49.71		1

		92.45		93.7		82.21		1

		17.22		87.1		73		2

		31.58		60.12		56.53		2

		80.43		29.9		79.09		2

		98.9		80.93		74.47		2

		32.24		95.21		39.36		2

		0.12		85.21		34.01		2

		99.22		12.73		47.21		1

		14.84		96.89		33.89		2

		4.94		55.71		18.39		2

		59.74		0.54		105.18		1

		32.13		13.58		51.01		1

		52.79		0.58		-10.19		1

		79.54		81.69		35.53		2

		6.89		78.22		-10.95		1

		69.5		93.11		111.32		2

		94.86		36.87		59.14		1

		27.78		97.45		4.05		2

		24.94		82.37		47.76		1

		15.94		78.74		74.27		2

		7.16		62.28		105.9		2

		55.74		96.74		46.32		1

		48.98		49.99		85.46		1

		49.43		89.37		42.09		1

		88.84		40.1		72.72		2

		3.67		44.75		51.28		2

		20.37		93.58		32.92		1

		51.38		68.33		8.36		2

		23.63		1.82		-8.46		2

		57.54		16.55		27.04		1

		48.23		49.58		22.73		1

		56.94		42.65		123.07		1

		14.42		99.21		63.97		2

		14.57		88.9		57.87		2

		41.23		34.58		52.82		1

		68.3		70.58		76.17		1

		65.34		90.87		109.2		2

		91.6		67.63		18.37		2

		81.31		63.91		38.02		1

		67.59		14.96		111.38		1

		80.75		60.11		59.68		1

		12.81		27.28		-2.41		2

		25.08		45.79		78.93		2

		33.15		22.23		54.9		2

		40.73		25.49		34.25		2

		63.54		65.37		35.48		2

		80.86		47.2		34.44		1

		25.88		16.1		23.2		1

		81.95		27.21		32.37		2

		1.55		71.3		74.36		2

		65.44		61.34		18.82		2

		81.17		13.21		48.59		1

		46.14		7		102.52		2

		20.34		96.63		69.06		2

		1.88		36.83		42.29		1

		28.31		67.75		71.11		2

		91.53		84.6		47.96		1

		93.37		24.17		71.37		1

		54.25		3.52		3.83		2

		21.94		59.52		73.6		1

		48.94		83.62		45.43		2

		80.11		36.22		46.64		1

		40.76		33.22		26.45		1

		10.37		64.47		10.05		1

		28.06		95.86		40.54		2

		36.15		59.62		36.66		2

		25.92		51.03		12.82		2

		47.07		15.53		20.44		2

		36.58		84.59		-1.78		2

		12.13		21.44		3.77		1

		4.7		66.99		109.17		2

		26.28		61.78		76.64		1

		96.86		5		61.21		1

		48.85		94.94		39.69		1

		47.78		58.26		60.53		2

		74.88		86.1		39.36		1

		66.76		51.85		33.61		2

		4.94		26.61		14.07		1

		69.51		59.74		13.33		1

		36.33		79.56		63.87		2

		88.41		68.93		40.12		2

		77.53		48.06		76.1		2

		13.92		46.59		-1.8		1

		29.5		61.84		25.51		2

		12.61		44.93		50.09		1

		58.99		60.27		37.86		1

		56.17		0.46		45.38		1

		68.87		99.5		45.45		2

		31.13		40.65		75.44		1

		60.56		11.8		36.65		1

		99.1		86.95		15.3		1

		74.32		54.02		68.57		2

		7.59		88.16		145.8		2

		45.12		3.75		-25.07		2

		5.35		88.14		70.28		1

		33.96		72.23		47.31		2

		73.4		76.98		146.85		2

		0.41		86.36		3.1		1

		77.19		50.07		25.3		1

		46.3		92.59		-1.82		2

		72.08		20.81		1.3		2

		66.65		2.71		31.67		1

		57.21		31.58		61.72		1

		70.38		66.01		106.37		2

		65.72		31.47		87.88		1

		28.94		94.45		142.97		2

		9.72		77.9		71.89		2

		96.24		33.94		67.01		1

		73.63		48.16		-4.53		1

		61.27		41.6		31.72		2

		11.99		77.63		43.14		1

		55.03		48.54		62.25		1

		26.28		1.53		30.07		2

		89.84		64.25		48.97		2

		0.92		23.48		6.36		2

		23.62		74.7		25.39		1

		13		29.56		-36.79		2

		32.62		90.62		58.95		2

		72.64		85.33		95.11		1

		99.17		46.2		140.53		1

		71.51		7.13		33.71		2

		50.44		57.78		117.99		2

		43.6		57.96		106.33		2

		94.88		99.36		106.41		1

		12.02		33.53		38.63		2

		7.51		66.68		11.9		1

		88.9		93.86		74.52		2

		42.45		57.49		64.54		1

		4.24		69.17		45.69		2

		64.74		8.98		-23.77		1

		46.86		86.65		91.54		2

		61.79		50.11		25.83		1

		27.08		22.33		55.91		1

		15.73		41.24		17.56		2

		11.43		88.63		47.37		2

		50.77		49.56		90.25		2

		54.8		67.28		81.75		1

		14.06		28.25		112.48		2

		16.98		81.71		74.95		1

		76.2		24.61		46.26		1

		52.74		36.96		3.09		1

		86.1		23.55		65.26		1

		67.36		93.58		76.06		2

		1.3		41.51		97.2		1

		69.32		13.74		23.3		2

		89.17		91.44		55.52		1

		63.19		34.76		57.78		1

		10.73		85.29		3.18		1

		92.11		14.26		-2.06		2

		67.54		35.94		63.43		1

		14.86		24.55		45.77		2

		74.53		4.59		57.5		1

		94.26		78.45		83.43		1

		42.08		19.92		72.4		1

		29.77		39.19		21.91		2

		25.94		32.36		77.66		2

		22.29		60.21		1.04		2

		56.57		54.13		18.87		2

		75.67		99.08		90.41		1

		66.96		25.38		79.33		1

		54.65		73.53		17.62		1

		81.15		97.76		70.95		1

		75.92		55.8		44.99		2

		2.01		39.27		65.24		2

		38.09		82.47		22.61		2

		5.09		11.24		63.78		2

		79.79		53.58		69.26		1

		92.37		44.38		107.68		1

		54.26		27.4		8.9		1

		85.24		15.74		52.03		2

		58.36		87.18		94.65		1

		66.83		56.2		22.89		2

		51.13		55.07		15.79		2

		76.28		59.24		93.07		2

		90.34		72.78		84.44		2

		82.05		63.89		1.08		1

		7.14		61.45		60.4		1

		0.39		5.24		98.11		1

		5.22		56.52		50.68		2

		86.66		58.73		84.57		1

		57.62		62.86		47.29		2

		31.38		62.19		21.36		1

		95.95		8.23		96.86		1

		59.12		7.76		38.11		1

		53.14		68.71		31.44		2

		38.39		83.03		0.38		1

		31.96		14.59		47.91		2

		80.84		78.35		85.7		2

		4.19		48.65		45.91		1

		36.37		98.93		42.04		2

		85.66		49.91		54.18		2

		69.79		56.23		62.66		2

		68.45		37.83		85.95		1

		34.8		51.86		24.95		1

		55.47		7.43		31.81		1

		13.72		53.85		34.79		1

		78.49		96.11		10.05		2

		88.69		52.78		57.33		2

		20.41		43.72		57.31		1

		77.06		3.23		65.87		1

		59.64		3.77		-7.74		2

		95.77		4.73		73.4		1

		15.87		16.1		-47.17		1

		52.6		46.91		43.83		2

		87.32		80.59		92.09		1

		86.97		28.06		7.71		2

		2.37		75.48		29.88		2

		97.59		52.18		100.85		1

		49.02		28.89		11.81		2

		38.92		1.74		69.21		1

		41.76		66.83		99.61		2

		9.29		6.7		21.76		1

		16.18		83.64		66.76		2

		40.54		13.53		25.76		2

		34.18		65.59		55.66		2

		41.53		83.79		95.33		2

		30.41		25.76		127.85		1

		56.03		13.6		33.06		1

		15.59		76.35		116.96		2

		95.66		21.2		34.2		1

		4.4		26.8		65.04		2

		37.22		53.18		73.76		1

		96.26		47.41		92.11		2

		64.54		37.34		33.08		1

		6.13		77.53		18.14		1

		40.99		55.82		69.37		2

		42.59		15.52		99.66		1

		50.82		98.94		71.54		2

		44.96		24.44		102.93		1

		62.33		13.04		17.1		1

		14		21.27		92.82		2

		90.79		38		-34.57		1

		56.94		35.96		66.72		1

		54.83		30.27		62.47		1

		11.68		4.44		40.65		2

		76.2		93.48		36.91		2

		47.84		56.87		31.66		1

		78.2		22.08		84.85		1

		4.6		87.8		20.74		2

		81.98		46.73		104.28		2

		26.94		54.23		76.32		1

		28.29		78.44		91.93		2

		64.32		64.79		70.07		1

		94.81		14.49		65.36		1

		0.7		32.16		9.17		2

		35.16		95.11		101.11		2

		41.9		18.82		77.56		2

		45.79		75.04		32.85		1

		71.17		45.92		159.8		2

		91.98		14.14		110.19		2

		62.71		20.52		-10.75		2

		90.22		67.53		87.02		1

		75.73		13.8		13.52		1

		13.79		41.55		17.06		2

		15.33		45.12		76.42		1

		19.13		62.29		35.28		2

		43.32		25.12		83.64		1

		8.72		46.42		82.36		2

		22.38		16.55		48.21		1

		57.21		85.78		38.48		1

		40.02		15.66		13.6		2

		56.55		8.83		-22.93		1

		82.96		89.34		87.11		2

		64.21		30.06		42.31		1

		39.15		75.21		30.67		1

		70.96		40.16		67.64		2

		10.88		44.86		55.8		2




"name" "quantity" "price"
1 2 36.37
1 78 446.59
1 7 43.4
1 64 352.24
2 31 133.92
2 74 278.99
2 14 58.48
3 19 96.09
3 84 465.18
3 88 486.06
3 62 322.98
4 91 350.34
4 85 321.61
4 23 70.14
4 66 241.82
5 14 77.65
5 9 59.22
6 86 463.87
6 46 252.06
7 35 188.28
7 59 304.63
7 31 172.26
7 7 56.52
7 38 214.27
7 55 326.1
8 85 457.58
8 15 91.89
8 15 96.14
8 52 274.75
8 99 531.45
9 16 70.54
9 56 213.92
10 17 48.28
11 39 197.33
11 59 329.87
11 60 312.01
11 66 354.55
12 91 965.78
12 66 713.29
12 13 144.31
13 35 403.91
13 35 350.84
13 16 156.39
13 42 449.32
13 60 639.92
13 31 305.27
14 76 388.62
14 88 479.03
15 13 135.21
15 17 176.6
15 42 431.71
15 38 424.36
16 85 464.65
16 89 500.32
17 39 407.11
17 5 46.17
17 81 860.97
17 86 901.06
17 58 621.13
18 45 155.33
18 8 33.62
18 98 391.6
18 22 76.26
19 71 261.05
20 56 327.53
20 73 372.23
20 74 425.06
20 39 217.16
21 67 346.44
21 70 386.03
21 23 133.28
21 28 135.22
22 52 191.61
22 55 196.53
23 26 149.37
23 13 62.05
23 66 375.64
23 21 117.15
24 33 182.88
24 94 501.66
24 44 235.33
24 16 72.85
24 7 31.36
24 92 476.58
24 6 35.97
25 38 393.52
25 68 715.62
25 79 854.66
26 34 220.81
26 80 439.22
26 94 505.01
27 23 93.01
27 63 242.29
27 42 151.42
27 78 345.02
28 45 152.3
28 29 111.13
28 36 147.36
28 65 245.3
29 83 457.17
30 28 301.02
30 18 186.14
30 53 564.27
31 17 116.78
31 76 389.35
31 23 112.34
32 91 500.69
32 47 261.08
33 8 43.75
33 57 311.05
33 73 379.96
34 94 523.61
35 22 132.43
36 3 24.13
36 1 6.5
36 92 333.52
36 72 258.18
36 47 178.24
37 18 185.97
37 60 622.29
37 81 859.37
38 58 291.31
38 67 379.71
38 49 278.98
39 44 466.37
39 22 236.22
39 27 295.97
39 17 196.81
40 55 209.27
40 80 293.06
40 27 100.2
40 32 120.23
41 37 130.61
41 60 207.17
42 64 364.12
42 79 432.24
42 32 181.91
43 73 277
43 28 104.86
43 13 65.96
44 50 312.34
44 88 490.65
44 96 538.33
44 70 401.63
44 49 253.38
44 2 1.12
45 51 190.04
45 53 186.56
45 21 82.37
45 21 94.73
45 100 359.44
46 88 319.59
47 74 392.58
47 100 543.92
47 93 516.76
48 39 149.71
48 18 59.41
49 25 97.57
49 68 245.48
49 26 95.61
49 45 166.85
50 54 199.06
50 82 306.81
50 33 137.72
51 15 94.05
51 89 486.66
52 53 300.04
52 55 284.23
53 21 129.16
53 73 381.22
53 36 171.18
54 100 347.38
54 38 163.82
54 5 25.75
54 39 166.12
54 46 137.17
55 65 348.46
55 40 207.32
55 31 168.5
56 69 376.1
56 77 435.82
56 59 323.11
56 41 223.49
56 30 138.37
57 78 437.34
57 70 370.29
57 87 438.29
58 17 178.01
58 3 42.19
58 9 80.11
58 11 100.03
58 87 938.5
59 57 313.73
60 57 347.98
60 50 262.39
60 53 315.09
60 14 82.59
60 4 43.92
61 17 95.57
61 85 486.46
62 27 97.78
63 82 442.02
63 89 467.53
63 5 36.37
63 10 50.69
63 94 492.69
64 75 428.64
64 62 342.44
65 30 170.55
65 40 224.83
65 88 470.16
65 96 532.64
66 82 318.92
66 77 282.5
66 16 52.57
67 17 76.35
67 83 447.75
67 15 90.68
67 25 129.9
68 16 65.13
68 90 329.48
68 76 291.44
68 11 42.08
69 27 117.03
69 91 343.96
69 1 -3.87
69 12 71.35
70 13 48.1
70 79 289.61
70 57 228.61
70 29 127.64
71 28 116.44
71 99 349.47
71 12 44.1
72 94 1006.91
73 57 604.5
73 7 64.71
73 99 1038.11
74 1 -0.59
74 20 124.32
74 91 490.98
75 48 255.55
75 22 119.75
75 32 172.96
75 61 317.61
76 38 406.15
77 2 38.82
77 43 226.42
77 68 349.81
78 79 432.46
78 2 20.21
79 30 159.37
79 46 245.79
79 54 292.65
79 40 204.77
79 97 510.87
80 47 263.42
80 87 474.31
81 80 441.11
81 53 284.92
81 13 81.63
82 54 175.26
82 59 240.58
82 25 81.11
82 67 226.23
82 68 251.36
83 37 203.2
83 59 302.83
83 15 64.55
84 93 356.33
84 12 41.96
84 88 324.15
84 54 196.93
84 60 241.09
85 86 313.45
85 59 215.17
85 4 8.09
85 66 279.97
86 2 11.13
86 70 348.93
86 19 103.93
87 8 12.7
87 87 333.88
87 57 216.04
88 49 260.19
88 86 446.29
89 27 169.89
89 48 279.99
89 87 481.37
89 88 478.48
89 7 34.39
90 18 104.92
90 100 521.55
90 22 131.83
90 62 339.33
91 13 59.99
92 14 45.61
92 29 122.78
93 22 247.35
93 12 138.11
94 23 93.17
94 2 1.96
94 45 168.96
94 9 37.09
95 11 30.92
95 17 92.26
95 85 466.8
95 51 265.73
96 90 481.48
96 3 26.03
96 25 153.53
96 87 452.25
96 17 88.67
97 20 108.06
97 80 458.85
97 70 391.93
98 23 98.81
98 1 -16.83
98 94 352.77
98 71 260.53
98 11 71.55
99 89 336.56
99 55 180.2
99 77 284.29
99 51 222.33
100 28 83.06
100 38 146.19
100 41 153.32
100 43 186.76
100 22 83.22



"x1" "x2" "y"
0.083 0.625 1
0.409 0.604 1
0.515 0.077 0
0.397 0.414 1
0.223 0.343 1
0.292 0.202 0
0.584 0.84 1
0.491 0.266 0
0.923 0.831 1
0.28 0.385 1
0.772 0.821 1
0.857 0.308 0
0.758 0.44 0
0.85 0.865 1
0.409 0.111 0
0.055 0.97 1
0.578 0.192 0
0.745 0.939 1
0.886 0.149 0
0.031 0.318 1



		1		0.29		alive		D

		2		0.79		dead		G

		3		0.41		dead		B

		4		0.88		dead		J

		5		0.94		dead		J

		6		0.05		alive		F

		7		0.53		dead		I

		8		0.89		dead		D

		9		0.55		alive		A

		10		0.46		dead		E

		11		0.96		dead		F

		12		0.45		dead		D

		13		0.68		dead		C

		14		0.57		dead		F

		15		0.1		alive		A

		16		0.9		dead		I

		17		0.25		alive		G

		18		0.04		alive		H

		19		0.33		alive		F

		20		0.95		dead		D

		21		0.89		dead		F

		22		0.69		dead		I

		23		0.64		dead		G

		24		0.99		dead		E

		25		0.66		dead		I

		26		0.71		alive		D

		27		0.54		dead		G

		28		0.59		dead		F

		29		0.29		alive		C

		30		0.15		alive		G

		31		0.96		dead		C

		32		0.9		dead		F

		33		0.69		dead		E

		34		0.8		dead		B

		35		0.02		alive		G

		36		0.48		alive		G

		37		0.76		dead		B

		38		0.22		alive		G

		39		0.32		alive		E

		40		0.23		alive		E

		41		0.14		alive		J

		42		0.41		dead		H

		43		0.41		dead		F

		44		0.37		alive		F

		45		0.15		alive		C

		46		0.14		alive		A

		47		0.23		alive		E

		48		0.47		alive		A

		49		0.27		dead		J

		50		0.86		dead		K

		51		0.05		alive		H

		52		0.44		dead		J

		53		0.8		dead		J

		54		0.12		alive		F

		55		0.56		dead		G

		56		0.21		alive		D

		57		0.13		alive		H

		58		0.75		dead		C

		59		0.9		dead		D

		60		0.37		dead		H

		61		0.67		dead		I

		62		0.09		alive		B

		63		0.38		alive		D

		64		0.27		alive		E

		65		0.81		alive		A

		66		0.45		alive		H

		67		0.81		dead		G

		68		0.81		dead		B

		69		0.79		dead		K

		70		0.44		dead		G

		71		0.75		dead		I

		72		0.63		dead		J

		73		0.71		dead		J

		74		0		alive		I

		75		0.48		dead		H

		76		0.22		alive		G

		77		0.38		dead		C

		78		0.61		alive		A

		79		0.35		alive		E

		80		0.11		alive		D

		81		0.24		alive		E

		82		0.67		dead		B

		83		0.42		alive		D

		84		0.79		dead		E

		85		0.1		alive		I

		86		0.43		alive		C

		87		0.98		dead		B

		88		0.89		dead		A

		89		0.89		dead		I

		90		0.18		alive		F

		91		0.13		alive		I

		92		0.65		alive		A

		93		0.34		alive		B

		94		0.66		dead		B

		95		0.32		alive		I

		96		0.19		alive		I

		97		0.78		dead		K

		98		0.09		alive		G

		99		0.47		alive		D

		100		0.51		dead		C

		101		0.6		dead		I

		102		0.33		alive		I

		103		0.49		dead		C

		104		0.95		dead		I

		105		0.48		dead		J

		106		0.89		dead		F

		107		0.91		dead		G

		108		0.61		dead		K

		109		0.41		alive		K

		110		0.15		alive		H

		111		0.94		dead		A

		112		0.3		alive		J

		113		0.06		alive		F

		114		0.95		dead		E

		115		0.72		dead		D

		116		0.14		alive		C

		117		0.55		dead		E

		118		0.95		dead		K

		119		0.59		dead		C

		120		0.4		alive		G

		121		0.65		dead		C

		122		0.32		alive		C

		123		0.31		dead		H

		124		0.22		alive		D

		125		0.37		alive		B

		126		0.98		dead		A

		127		0.15		alive		K

		128		0.09		alive		G

		129		0.14		alive		B

		130		0.69		dead		G

		131		0.62		dead		F

		132		0.89		dead		J

		133		0.67		dead		H

		134		0.74		dead		G

		135		0.52		dead		H

		136		0.66		dead		I

		137		0.82		dead		E

		138		0.79		dead		D

		139		0.98		dead		F

		140		0.44		dead		C

		141		0.31		alive		J

		142		0.41		alive		E

		143		0.01		alive		A

		144		0.18		alive		K

		145		0.84		dead		C

		146		0.23		alive		E

		147		0.24		alive		G

		148		0.08		alive		G

		149		0.25		alive		D

		150		0.73		dead		B

		151		0.85		dead		K

		152		0.5		dead		G

		153		0.39		dead		I

		154		0.25		alive		K

		155		0.11		alive		F

		156		0.39		alive		E

		157		0.57		alive		A

		158		0.22		alive		J

		159		0.44		alive		F

		160		0.22		alive		C

		161		0.5		dead		E

		162		0.35		alive		C

		163		0.65		dead		F

		164		0.37		alive		C

		165		0.36		alive		B

		166		0.53		alive		A

		167		0.74		dead		H

		168		0.22		alive		D

		169		0.41		alive		B

		170		0.27		alive		K

		171		0.63		dead		E

		172		0.18		alive		E

		173		0.86		dead		H

		174		0.75		dead		K

		175		0.67		dead		C

		176		0.62		dead		G

		177		0.37		alive		H

		178		0.53		dead		E

		179		0.87		dead		B

		180		0.58		dead		G

		181		0.84		dead		A

		182		0.31		alive		C

		183		0.71		dead		H

		184		0.27		alive		J

		185		0.59		dead		I

		186		0.48		dead		B

		187		0.27		alive		E

		188		0.56		dead		I

		189		0.91		dead		H

		190		0.9		dead		G

		191		0.27		alive		B

		192		0.32		dead		G

		193		0.99		dead		E

		194		0.62		dead		I

		195		0.94		alive		A

		196		0.47		dead		C

		197		0.41		alive		J

		198		0.66		dead		B

		199		0.15		alive		K

		200		0.57		dead		E

		201		0.24		alive		J

		202		0.96		dead		J

		203		0.6		dead		F

		204		0.52		dead		H

		205		0.4		dead		F

		206		0.88		dead		K

		207		0.36		alive		A

		208		0.29		alive		B

		209		0.17		alive		I

		210		0.17		alive		F

		211		0.48		dead		E

		212		0.25		alive		K

		213		0.22		alive		C

		214		0.67		dead		F

		215		0.05		alive		A

		216		0.7		dead		I

		217		0.35		alive		E

		218		0.41		alive		I

		219		0.82		dead		C

		220		0.92		dead		K

		221		0.28		alive		D

		222		0.96		dead		F

		223		0.73		dead		B

		224		0.69		dead		J

		225		0.05		alive		K

		226		0.4		alive		A

		227		0.48		alive		F

		228		0.56		dead		C

		229		0.7		dead		J

		230		0.92		dead		F

		231		0.62		alive		A

		232		0.43		alive		D

		233		0.54		alive		D

		234		0.06		alive		G

		235		0.26		alive		C

		236		0.4		alive		A

		237		0.2		alive		B

		238		0.83		dead		H

		239		0.15		alive		K

		240		0.8		dead		D

		241		0.55		alive		A

		242		0.66		alive		D

		243		0.17		alive		G

		244		0.63		dead		E

		245		0.31		alive		I

		246		0.72		alive		D

		247		0.4		dead		G

		248		0.97		dead		A

		249		0.97		dead		C

		250		0.73		dead		H

		251		0.26		alive		J

		252		0.22		alive		F

		253		0.59		dead		G

		254		0.27		alive		A

		255		0.53		dead		B

		256		0.79		dead		J

		257		0.17		alive		A

		258		0.4		dead		C

		259		0.47		dead		K

		260		0.87		dead		G

		261		0.93		dead		C

		262		0.88		dead		G

		263		0.67		alive		A

		264		0.95		dead		B

		265		0.52		dead		H

		266		0.58		alive		A

		267		0.34		alive		G

		268		0.35		dead		K

		269		0.02		alive		A

		270		0.5		dead		K

		271		0.87		dead		A

		272		0.01		alive		H

		273		0.07		alive		E

		274		0.16		alive		G

		275		0.77		dead		J

		276		0.74		dead		G

		277		0.97		dead		I

		278		0.47		dead		G

		279		0.07		alive		D

		280		0.65		dead		E

		281		0.76		dead		C

		282		0.14		alive		J

		283		0.4		alive		G

		284		0.22		alive		I

		285		0.06		alive		G

		286		0.4		alive		D

		287		0.06		alive		I

		288		0.23		alive		G

		289		0.05		alive		D

		290		0.67		dead		F

		291		0.3		alive		I

		292		0.1		alive		F

		293		0.07		alive		C

		294		0.88		dead		J

		295		0.75		dead		E

		296		0.82		dead		D

		297		0.98		dead		I

		298		0.1		alive		I

		299		0.1		alive		J

		300		0.8		dead		G

		301		0.78		alive		A

		302		0.01		alive		F

		303		0.78		dead		F

		304		0.73		dead		J

		305		0.63		dead		I

		306		0.48		dead		G

		307		0.16		alive		A

		308		0.01		alive		B

		309		0.45		alive		H

		310		0.49		dead		B

		311		0.39		dead		C

		312		0.46		dead		E

		313		0.71		dead		J

		314		0.06		alive		C

		315		0.35		alive		H

		316		0.8		dead		B

		317		0.84		dead		I

		318		0.24		alive		C

		319		0.35		dead		G

		320		0.86		dead		A

		321		0.85		dead		I

		322		0.3		alive		D

		323		0.15		alive		K

		324		0.7		dead		D

		325		0.1		alive		K

		326		0.03		alive		E

		327		1		dead		F

		328		0.03		alive		F

		329		0.34		alive		A

		330		0.92		dead		H

		331		0.62		dead		F

		332		0.29		alive		D

		333		0.74		dead		G

		334		0.83		dead		G

		335		0.31		alive		E

		336		0.49		alive		B

		337		0.7		dead		H

		338		0.64		dead		I

		339		0.64		dead		J

		340		0.98		dead		F

		341		0.41		alive		D

		342		0.12		alive		F

		343		0.53		dead		E

		344		0.23		alive		C

		345		0.49		alive		H

		346		0.37		alive		K

		347		0.98		alive		D

		348		0.39		dead		H

		349		0.23		alive		F

		350		0.62		dead		G

		351		0.14		alive		A

		352		0.97		alive		A

		353		0.52		dead		B

		354		0.16		alive		A

		355		0.62		dead		B

		356		0.99		dead		F

		357		0.67		dead		C

		358		0.42		alive		I

		359		0.32		alive		C

		360		0.84		dead		F

		361		0.14		alive		H

		362		0.19		alive		B

		363		0.9		dead		J

		364		0.31		alive		E

		365		0.36		alive		C

		366		0.78		alive		D

		367		0.19		alive		B

		368		0.02		alive		G

		369		0.41		dead		B

		370		0.48		dead		B

		371		0.42		alive		D

		372		0.34		alive		C

		373		0.87		dead		E

		374		0.46		alive		G

		375		0.53		dead		H

		376		0.96		dead		J

		377		0.77		dead		E

		378		0.21		alive		K

		379		0.31		alive		A

		380		0.97		dead		G

		381		0.58		dead		F

		382		0.76		alive		D

		383		0.37		dead		J

		384		0.77		dead		A

		385		0.54		dead		J

		386		0.91		dead		C

		387		0.19		alive		C

		388		0.28		alive		J

		389		0.09		alive		A

		390		0.21		alive		C

		391		0.98		dead		K

		392		0.3		alive		H

		393		0.73		dead		E

		394		0.79		dead		E

		395		0.11		alive		F

		396		0.24		alive		I

		397		0.27		alive		H

		398		0.1		alive		F

		399		0.12		alive		A

		400		0.99		dead		C

		401		0.99		dead		C

		402		0.14		alive		C

		403		0.91		dead		A

		404		0.58		dead		F

		405		0.4		dead		C

		406		0.45		dead		I

		407		0.71		dead		G

		408		0.08		alive		K

		409		0.34		alive		A

		410		0.68		dead		K

		411		0.32		alive		H

		412		0.83		dead		K

		413		0.22		alive		G

		414		0.5		dead		B

		415		0.28		alive		C

		416		0.19		alive		I

		417		0.95		dead		G

		418		0.32		alive		D

		419		0.48		dead		I

		420		0.03		alive		D

		421		0.55		dead		J

		422		0.64		dead		G

		423		0.6		dead		E

		424		0.32		alive		K

		425		0.89		dead		F

		426		0.63		dead		B

		427		0.3		alive		F

		428		0.39		dead		K

		429		0.16		alive		K

		430		0.86		dead		E

		431		0.95		dead		J

		432		0.56		alive		D

		433		0.33		alive		I

		434		1		dead		I

		435		0.23		alive		E

		436		0.61		dead		E

		437		0.11		alive		H

		438		0.49		dead		J

		439		0.1		alive		H

		440		0.16		alive		F

		441		0.28		alive		B

		442		0.58		dead		G

		443		0.73		alive		A

		444		0.17		alive		F

		445		0.87		dead		I

		446		0.71		dead		I

		447		0.76		alive		A

		448		0.15		alive		E

		449		0.36		dead		F

		450		0.67		dead		C

		451		0.52		dead		G

		452		0.35		alive		I

		453		0.24		alive		H

		454		0.06		alive		B

		455		0.24		alive		G

		456		0.89		dead		I

		457		0.81		dead		C

		458		0.75		dead		H

		459		0.15		alive		J

		460		0.12		alive		B

		461		0.97		dead		K

		462		0.44		dead		I

		463		0.46		dead		I

		464		0.17		alive		C

		465		0.58		alive		A

		466		0.27		alive		J

		467		0.23		alive		K

		468		0.69		dead		B

		469		0.28		alive		F

		470		0.81		dead		F

		471		0.09		alive		H

		472		0.82		alive		A

		473		0.43		alive		I

		474		0.76		dead		E

		475		0.66		dead		F

		476		0.44		alive		H

		477		0.63		dead		F

		478		0		alive		K

		479		0.22		alive		J

		480		0.7		dead		J

		481		0.22		alive		I

		482		0.81		dead		B

		483		0.31		alive		J

		484		0.69		dead		I

		485		0.93		dead		K

		486		0.12		alive		A

		487		0.13		alive		I

		488		0.68		dead		E

		489		0.43		dead		G

		490		0.83		dead		J

		491		0.97		dead		A

		492		0.07		alive		A

		493		0.46		alive		K

		494		0.7		dead		I

		495		0.09		alive		D

		496		0.99		dead		I

		497		0.25		alive		K

		498		0.05		alive		C

		499		0.69		dead		H

		500		0.79		dead		E

		501		0.35		alive		K

		502		0.37		alive		K

		503		0.29		alive		F

		504		0.08		alive		C

		505		0.37		dead		H

		506		0.18		alive		G

		507		0.54		dead		G

		508		0.5		dead		E

		509		0.95		dead		E

		510		0.34		dead		G

		511		0.46		dead		E

		512		0.08		alive		K

		513		0.86		dead		J

		514		0.4		dead		C

		515		0.74		dead		E

		516		0.17		alive		E

		517		0.45		alive		A

		518		0.77		dead		E

		519		0.06		alive		E

		520		0.82		dead		C

		521		0.3		alive		H

		522		0.36		alive		A

		523		0.31		alive		I

		524		0.04		alive		E

		525		0.52		dead		I

		526		0.68		alive		A

		527		0.9		dead		A

		528		0.03		alive		E

		529		0.99		dead		H

		530		0.3		alive		C

		531		0.94		dead		J

		532		0.69		dead		H

		533		0.45		dead		J

		534		0.82		dead		E

		535		0.04		alive		E

		536		0.74		dead		C

		537		0.35		alive		E

		538		0.83		dead		C

		539		0.54		dead		K

		540		0.27		alive		F

		541		0.8		dead		A

		542		0.09		alive		I

		543		0.83		alive		D

		544		0.28		alive		G

		545		0.75		dead		H

		546		0.96		dead		D

		547		0.08		alive		A

		548		0.85		dead		E

		549		0.8		dead		G

		550		0.39		alive		K

		551		0.33		alive		K

		552		0.2		alive		A

		553		0.57		dead		F

		554		0.89		dead		E

		555		0.53		dead		E

		556		0.59		alive		D

		557		0.67		dead		H

		558		0.53		alive		D

		559		0.51		dead		E

		560		0.02		alive		K

		561		0.05		alive		I

		562		0.93		dead		D

		563		0.77		dead		I

		564		0.2		alive		C

		565		0.65		dead		F

		566		0.65		dead		B

		567		0.4		dead		B

		568		0.81		dead		J

		569		0.55		dead		B

		570		0.89		dead		J

		571		0.55		alive		D

		572		0.91		alive		A

		573		0.59		dead		I

		574		0.42		alive		D

		575		0.95		alive		A

		576		0.71		dead		I

		577		0.41		alive		A

		578		0.02		alive		E

		579		0.57		dead		C

		580		0.49		dead		F

		581		0.88		dead		H

		582		0.81		dead		A

		583		0.85		dead		B

		584		0.37		dead		B

		585		0.87		dead		I

		586		0.15		alive		G

		587		0.28		alive		G

		588		0.67		dead		E

		589		0.98		dead		E

		590		0.58		alive		D

		591		0.53		alive		I

		592		0.06		alive		J

		593		0.97		dead		H

		594		0.12		alive		G

		595		0.09		alive		D

		596		0.88		dead		A

		597		0.51		dead		G

		598		0.34		dead		B

		599		0.89		dead		I

		600		0.03		alive		D

		601		0.24		alive		H

		602		0.69		dead		B

		603		0.23		alive		C

		604		0.32		alive		J

		605		0.17		alive		I

		606		0.8		alive		A

		607		0.15		alive		J

		608		0.82		dead		B

		609		0.33		dead		G

		610		0.37		dead		F

		611		0.63		dead		G

		612		0.1		alive		I

		613		0.02		alive		F

		614		0.99		dead		K

		615		0.58		dead		K

		616		0.78		dead		E

		617		0.89		dead		G

		618		0.75		dead		D

		619		0.98		dead		E

		620		0.04		alive		C

		621		0.9		alive		A

		622		0.87		dead		A

		623		0.78		dead		A

		624		0.38		dead		I

		625		0.04		alive		F

		626		0.36		alive		J

		627		0.27		alive		G

		628		0.85		dead		C

		629		0.36		alive		G

		630		0.3		alive		J

		631		0.76		dead		I

		632		0.84		dead		F

		633		0.46		alive		E

		634		0.73		dead		H

		635		0.1		alive		J

		636		0.22		alive		J

		637		0.95		dead		B

		638		0.75		dead		C

		639		0.82		dead		B

		640		0.42		dead		I

		641		0.59		dead		B

		642		0.8		dead		J

		643		0.89		dead		I

		644		0.39		dead		K

		645		0.09		alive		F

		646		0.63		dead		K

		647		0.75		dead		I

		648		0.09		alive		J

		649		0.3		alive		E

		650		0.61		dead		B

		651		0.75		alive		D

		652		0.92		dead		H

		653		0.48		alive		D

		654		0.57		dead		E

		655		0.74		alive		A

		656		0.86		dead		F

		657		0.91		dead		B

		658		0.06		alive		J

		659		0.5		alive		A

		660		0.35		alive		I

		661		0.85		dead		J

		662		0.81		alive		A

		663		0.12		alive		D

		664		0.71		dead		H

		665		0.24		alive		I

		666		0.07		alive		E

		667		0.94		dead		K

		668		0.16		alive		E

		669		0.65		dead		E

		670		0.17		alive		D

		671		0.02		alive		G

		672		0.52		dead		G

		673		0.09		alive		A

		674		0.28		alive		I

		675		0.42		dead		C

		676		0.59		dead		H

		677		0.81		dead		F

		678		0.2		alive		G

		679		0.46		dead		G

		680		0.45		alive		D

		681		0.73		dead		C

		682		0.71		dead		F

		683		0.83		dead		K

		684		0.89		dead		D

		685		0.95		alive		D

		686		0.55		alive		A

		687		0.52		dead		F

		688		0.17		alive		G

		689		0.48		alive		I

		690		0.25		alive		K

		691		0.04		alive		F

		692		0.63		alive		A

		693		0.54		dead		C

		694		0.14		alive		J

		695		0.28		alive		J

		696		0.58		dead		J

		697		0.17		alive		K

		698		0.1		alive		H

		699		0.43		dead		F

		700		0.36		alive		C

		701		0.84		dead		H

		702		0.26		alive		A

		703		0.02		alive		F

		704		0.86		dead		K

		705		0.33		dead		J

		706		0.63		dead		H

		707		0.55		dead		B

		708		0.38		dead		G

		709		0.19		alive		K

		710		0.43		dead		G

		711		0.63		alive		D

		712		0.52		dead		A

		713		0.66		alive		A

		714		0.73		dead		J

		715		0.49		alive		D

		716		0.38		alive		K

		717		0.01		alive		G

		718		0		alive		F

		719		0.99		dead		K

		720		0.11		alive		B

		721		0.42		dead		J

		722		0.72		dead		E

		723		0.74		dead		G

		724		0.87		alive		D

		725		0.61		alive		A

		726		0.76		dead		I

		727		0.85		dead		C

		728		0.61		dead		H

		729		0.79		dead		E

		730		0.02		alive		C

		731		0.42		dead		K

		732		0.87		dead		E

		733		0.65		alive		A

		734		0.92		dead		K

		735		0.17		alive		J

		736		0.32		alive		G

		737		0.8		dead		D

		738		0.99		dead		I

		739		0.32		alive		K

		740		0		alive		J

		741		0.99		dead		B

		742		0.15		alive		K

		743		0.05		alive		G

		744		0.6		dead		A

		745		0.32		alive		B

		746		0.53		alive		A

		747		0.8		dead		I

		748		0.07		alive		I

		749		0.7		dead		K

		750		0.95		dead		E

		751		0.28		alive		K

		752		0.25		alive		J

		753		0.16		alive		I

		754		0.07		alive		G

		755		0.56		dead		K

		756		0.49		dead		F

		757		0.49		dead		J

		758		0.89		dead		E

		759		0.04		alive		E

		760		0.2		alive		K

		761		0.51		dead		H

		762		0.24		alive		A

		763		0.58		dead		B

		764		0.48		dead		F

		765		0.57		dead		E

		766		0.14		alive		K

		767		0.15		alive		J

		768		0.41		alive		D

		769		0.68		dead		H

		770		0.65		dead		J

		771		0.92		dead		H

		772		0.81		dead		H

		773		0.68		dead		B

		774		0.81		dead		G

		775		0.13		alive		D

		776		0.25		alive		F

		777		0.33		alive		C

		778		0.41		dead		C

		779		0.64		dead		H

		780		0.81		dead		F

		781		0.26		alive		B

		782		0.82		dead		C

		783		0.02		alive		H

		784		0.65		dead		G

		785		0.81		dead		B

		786		0.46		alive		A

		787		0.2		alive		K

		788		0.02		alive		E

		789		0.28		alive		H

		790		0.92		dead		J

		791		0.93		dead		C

		792		0.54		alive		A

		793		0.22		alive		G

		794		0.49		dead		J

		795		0.8		alive		D

		796		0.41		alive		D

		797		0.1		alive		H

		798		0.28		alive		K

		799		0.36		alive		G

		800		0.26		alive		F

		801		0.47		alive		B

		802		0.37		alive		J

		803		0.12		alive		C

		804		0.05		alive		H

		805		0.26		alive		G

		806		0.97		dead		A

		807		0.49		dead		K

		808		0.48		dead		G

		809		0.75		dead		J

		810		0.67		dead		F

		811		0.05		alive		C

		812		0.7		dead		G

		813		0.36		alive		I

		814		0.88		dead		H

		815		0.78		dead		F

		816		0.14		alive		F

		817		0.3		alive		G

		818		0.13		alive		E

		819		0.59		dead		G

		820		0.56		alive		A

		821		0.69		dead		K

		822		0.31		dead		E

		823		0.61		dead		B

		824		0.99		dead		J

		825		0.74		dead		F

		826		0.08		alive		J

		827		0.45		alive		A

		828		0.05		alive		J

		829		0.34		alive		H

		830		0.73		dead		I

		831		0		alive		J

		832		0.77		dead		F

		833		0.46		alive		K

		834		0.72		dead		C

		835		0.67		alive		A

		836		0.57		alive		D

		837		0.7		dead		H

		838		0.66		dead		D

		839		0.29		dead		K

		840		0.1		alive		I

		841		0.96		dead		D

		842		0.74		dead		F

		843		0.61		dead		E

		844		0.12		alive		I

		845		0.55		dead		F

		846		0.26		alive		A

		847		0.9		dead		H

		848		0.01		alive		C

		849		0.24		alive		I

		850		0.13		alive		D

		851		0.33		alive		J

		852		0.73		dead		J

		853		0.99		dead		F

		854		0.72		alive		A

		855		0.5		dead		G

		856		0.44		dead		G

		857		0.95		dead		K

		858		0.12		alive		D

		859		0.08		alive		H

		860		0.89		dead		K

		861		0.42		dead		G

		862		0.04		alive		H

		863		0.65		alive		A

		864		0.47		dead		J

		865		0.62		dead		F

		866		0.27		alive		C

		867		0.16		alive		E

		868		0.11		alive		J

		869		0.51		dead		F

		870		0.55		dead		H

		871		0.14		alive		D

		872		0.17		alive		I

		873		0.76		dead		C

		874		0.53		dead		E

		875		0.86		dead		C

		876		0.67		dead		K

		877		0.01		alive		E

		878		0.69		dead		B

		879		0.89		dead		K

		880		0.63		alive		D

		881		0.11		alive		J

		882		0.92		dead		B

		883		0.68		alive		D

		884		0.15		alive		C

		885		0.75		dead		A

		886		0.94		dead		I

		887		0.42		dead		C

		888		0.3		alive		E

		889		0.26		alive		D

		890		0.22		alive		G

		891		0.57		dead		F

		892		0.76		dead		K

		893		0.67		dead		C

		894		0.55		dead		I

		895		0.81		dead		K

		896		0.76		dead		G

		897		0.02		alive		E

		898		0.38		alive		J

		899		0.05		alive		B

		900		0.8		dead		F

		901		0.92		dead		E

		902		0.54		alive		D

		903		0.85		dead		B

		904		0.58		dead		J

		905		0.67		dead		G

		906		0.51		alive		G

		907		0.76		dead		G

		908		0.9		dead		I

		909		0.82		dead		H

		910		0.07		alive		G

		911		0		alive		A

		912		0.05		alive		G

		913		0.87		dead		G

		914		0.58		dead		G

		915		0.31		alive		G

		916		0.96		dead		A

		917		0.59		alive		A

		918		0.53		dead		H

		919		0.38		alive		J

		920		0.32		alive		B

		921		0.81		dead		I

		922		0.04		alive		F

		923		0.36		alive		K

		924		0.86		dead		F

		925		0.7		dead		G

		926		0.68		dead		E

		927		0.35		alive		F

		928		0.55		alive		A

		929		0.14		alive		F

		930		0.78		dead		K

		931		0.89		dead		F

		932		0.2		alive		E

		933		0.77		dead		A

		934		0.6		alive		A

		935		0.96		dead		A

		936		0.16		alive		B

		937		0.53		dead		F

		938		0.87		dead		I

		939		0.87		alive		D

		940		0.02		alive		I

		941		0.98		dead		F

		942		0.49		alive		D

		943		0.39		alive		A

		944		0.42		dead		H

		945		0.09		alive		A

		946		0.16		alive		J

		947		0.41		alive		B

		948		0.34		alive		H

		949		0.42		alive		J

		950		0.3		dead		C

		951		0.56		dead		B

		952		0.16		alive		I

		953		0.96		dead		C

		954		0.04		alive		C

		955		0.37		dead		F

		956		0.96		dead		F

		957		0.65		dead		E

		958		0.06		alive		I

		959		0.41		alive		G

		960		0.43		dead		B

		961		0.51		alive		K

		962		0.45		dead		C

		963		0.62		dead		B

		964		0.14		alive		C

		965		0.91		dead		E

		966		0.57		alive		D

		967		0.55		alive		D

		968		0.12		alive		A

		969		0.76		dead		K

		970		0.48		dead		G

		971		0.78		dead		C

		972		0.05		alive		J

		973		0.82		dead		F

		974		0.27		alive		F

		975		0.28		alive		I

		976		0.64		dead		H

		977		0.95		dead		B

		978		0.01		alive		D

		979		0.35		alive		K

		980		0.42		dead		C

		981		0.46		dead		I

		982		0.71		dead		F

		983		0.92		dead		B

		984		0.63		dead		C

		985		0.9		dead		H

		986		0.76		dead		B

		987		0.14		alive		E

		988		0.15		alive		E

		989		0.19		alive		G

		990		0.43		dead		C

		991		0.09		alive		F

		992		0.22		alive		B

		993		0.57		dead		J

		994		0.4		alive		B

		995		0.57		alive		A

		996		0.83		dead		J

		997		0.64		alive		D

		998		0.39		dead		I

		999		0.71		dead		E

		1000		0.11		alive		E




		i		x1		x2		x3		x4		v1		v2		v3		v4		v5		v6		v7		v8		v9		v10		v11		v12		v13		v14		v15		v16		v17		v18		v19		v20

		1		0.129469952313229		0.797496270155534		0.231173551175743		0.615734226303175		4		4		1		1		1		1		3		3		3		1		3		3		3		3		3		3		3		3		3		3

		2		0.420571839204058		0.376203495310619		0.501436750870198		0.282532990444452		4		4		4		4		5		4		2		5		5		2		2		5		2		2		3		5		2		2		2		3

		3		0.377531051868573		0.486195286503062		0.897694529267028		0.699300489621237		4		4		4		4		4		4		4		4		4		4		4		4		3		3		3		5		3		3		3		3

		4		0.488194282632321		0.135404408210889		0.975357526913285		0.762241226155311		4		4		4		4		4		4		4		4		4		4		4		2		2		2		3		3		3		3		2		3

		5		0.694482493214309		0.568720669019967		0.525072522927076		0.101382524473593		4		1		1		1		1		5		1		5		5		5		2		5		5		5		5		1		2		5		1		5

		6		0.0623676725663245		0.607396075502038		0.916600609198213		0.664362415904179		4		4		4		4		4		4		5		5		4		4		3		5		3		3		3		3		3		3		3		3

		7		0.44935274659656		0.880337053677067		0.46991269220598		0.0499972181860358		5		5		5		5		5		5		5		5		5		5		1		5		5		5		5		5		5		5		5		5

		8		0.92129027703777		0.565299894893542		0.450335513800383		0.134465875569731		1		5		1		5		5		1		5		5		1		5		1		1		2		2		1		2		1		2		2		2

		9		0.00222794804722071		0.410093045094982		0.66546358494088		0.176936017349362		5		5		5		4		5		3		5		5		3		3		5		3		5		5		3		5		5		3		3		3

		10		0.586290184641257		0.99044830352068		0.911427581682801		0.446517227217555		5		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		11		0.91604271158576		0.357343469047919		0.220750469714403		0.917246187338606		4		1		1		1		1		1		1		2		1		2		2		2		1		1		1		2		2		2		2		2

		12		0.185266176238656		0.0265890285372734		0.839358468307182		0.0517826194409281		4		4		5		4		5		4		5		5		5		5		2		2		5		2		2		2		2		2		3		2

		13		0.66522385715507		0.151072403183207		0.0309354190248996		0.131986780557781		1		1		1		1		2		1		1		1		2		2		2		2		1		2		2		2		2		2		2		2

		14		0.328145128209144		0.833985976641998		0.266882434953004		0.684141423553228		1		4		1		4		1		1		1		1		3		3		3		3		3		1		3		1		3		3		3		1

		15		0.544901088112965		0.303379332879558		0.0480913121718913		0.874831703491509		1		4		3		1		1		4		1		1		2		1		2		1		3		3		3		2		3		3		3		3

		16		0.561214811401442		0.720890812575817		0.941614462761208		0.536451368127018		4		4		4		4		4		4		4		5		5		5		5		4		5		5		5		5		5		5		5		5

		17		0.324746308615431		0.654643246205524		0.88481585518457		0.901068803854287		4		4		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3

		18		0.398792265914381		0.384996478212997		0.778555240249261		0.214278504019603		5		5		5		5		4		4		5		5		5		5		5		5		5		5		2		2		5		2		5		3

		19		0.522971119033173		0.945079892408103		0.849819396389648		0.359184062806889		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		20		0.271400122670457		0.883224707329646		0.670851169386879		0.449852613033727		5		5		5		4		5		5		5		5		5		5		5		5		5		5		3		3		5		3		5		5

		21		0.388876905664802		0.930347655434161		0.154618449509144		0.3590202559717		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1

		22		0.861295794602484		0.823051497340202		0.0491462314967066		0.622561197495088		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2

		23		0.262914133025333		0.269322641426697		0.417030794778839		0.849241323536262		4		4		4		4		4		3		4		4		3		3		3		3		3		3		3		3		3		3		3		3

		24		0.173794377595186		0.738954723579809		0.645684049464762		0.806209160014987		4		4		4		4		4		4		3		4		4		3		3		3		3		3		3		3		3		3		3		3

		25		0.527529714629054		0.148112616734579		0.166548938723281		0.81850059563294		4		3		4		4		4		2		2		2		2		2		2		3		2		2		3		3		2		2		3		2

		26		0.423112072516233		0.86891091056168		0.581700315698981		0.159971925895661		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		27		0.908248000079766		0.772043772274628		0.788342695916072		0.223808727925643		5		5		5		5		1		5		5		5		5		5		5		5		5		5		5		1		5		5		5		5

		28		0.777206006459892		0.427163971820846		0.89388099592179		0.697748993057758		4		4		4		4		4		4		4		4		4		4		4		4		4		2		2		2		2		2		2		2

		29		0.291208025068045		0.0487675459589809		0.369854742893949		0.96082603908144		4		4		4		4		3		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		30		0.562728554010391		0.571917881257832		0.304769417038187		0.288359508151188		1		1		1		1		1		1		5		1		2		2		5		1		1		1		2		1		2		5		5		3

		31		0.0980125316418707		0.060348529368639		0.73249007994309		0.684906989801675		4		4		4		4		4		3		4		4		3		4		3		3		3		3		3		3		3		3		3		3

		32		0.279517679242417		0.815285881515592		0.332053998252377		0.565773867070675		1		1		3		1		1		1		5		5		3		5		3		3		3		3		1		3		3		5		3		3

		33		0.99569429573603		0.475541060091928		0.584538186900318		0.943698110990226		4		4		4		4		4		4		4		1		4		2		2		2		2		2		2		2		2		2		2		2

		34		0.901593927061185		0.507087239529938		0.246463385643438		0.359424516325817		1		1		1		1		1		1		1		1		1		1		1		1		1		2		2		1		2		2		2		1

		35		0.729101520264521		0.455852445214987		0.981069612782449		0.854629126610234		4		4		4		4		4		4		4		4		4		4		4		4		2		4		2		2		2		2		2		2

		36		0.0590006075799465		0.356326236622408		0.916796318255365		0.418280877172947		4		4		4		5		4		4		4		4		3		4		5		3		3		5		3		3		3		3		3		3

		37		0.0358911822549999		0.968139044940472		0.307003243593499		0.30831600073725		5		5		5		5		5		5		5		5		5		5		5		5		3		3		5		3		5		1		3		3

		38		0.56619352241978		0.129867039853707		0.612711851717904		0.67292030248791		4		4		3		2		4		4		2		4		2		3		2		2		2		2		2		2		2		2		2		2

		39		0.079220887972042		0.78192787966691		0.914540614234284		0.670645647449419		4		4		4		4		4		4		4		4		3		5		4		3		3		3		3		3		5		3		3		3

		40		0.796177730895579		0.786708099534735		0.481583789223805		0.129954528994858		1		5		5		5		1		5		1		5		1		1		1		1		5		1		5		5		1		5		5		5

		41		0.83632272365503		0.79748760163784		0.134037750540301		0.52578572044149		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		42		0.165610934374854		0.214206700911745		0.498836436774582		0.0111647406592965		5		4		5		4		5		5		5		5		5		2		5		2		5		2		5		5		3		2		2		5

		43		0.678647897206247		0.0248424808960408		0.675507086329162		0.97427973523736		4		4		4		4		4		4		4		4		4		4		4		4		3		2		2		2		2		2		2		2

		44		0.696300748968497		0.432946217712015		0.606207108357921		0.0314445002004504		5		5		5		5		5		5		5		5		5		5		5		2		5		2		2		2		2		5		2		5

		45		0.519957825075835		0.276235932251438		0.463474514894187		0.566879366058856		4		4		4		4		4		4		2		4		4		3		3		2		2		2		2		2		3		2		2		2

		46		0.828054514480755		0.982063969830051		0.658646165858954		0.871233490295708		4		4		4		4		1		4		4		4		4		4		1		1		1		1		1		5		1		1		1		1

		47		0.568182557821274		0.33966159587726		0.31891255825758		0.487139286939055		4		4		4		4		4		1		4		2		1		1		2		2		2		2		2		2		2		2		3		2

		48		0.795837006065995		0.408813612302765		0.69020852027461		0.0754038530867547		5		5		4		5		5		5		5		5		5		5		5		5		2		2		5		2		2		5		2		2

		49		0.879421083955094		0.337170254671946		0.0730221178382635		0.641304318793118		1		1		1		2		1		1		1		2		1		1		2		2		2		2		2		1		1		2		1		2

		50		0.820592574542388		0.720602301880717		0.871312328148633		0.192456710385159		5		5		5		5		5		5		5		5		5		5		1		5		5		5		5		5		5		2		5		5

		51		0.749856217065826		0.593329010764137		0.757651890395209		0.348641225602478		5		5		4		5		5		4		4		5		5		1		5		5		5		5		5		2		2		2		2		5

		52		0.178080365760252		0.892417142167687		0.0707231822889298		0.104266906855628		1		1		5		1		5		5		1		5		1		1		1		1		5		1		1		1		3		5		1		5

		53		0.0254625789821148		0.745843317359686		0.450676806736737		0.508324730908498		4		4		4		3		5		4		3		5		3		3		3		3		3		3		3		3		3		3		3		3

		54		0.763055599993095		0.187371220206842		0.70093731326051		0.272185495356098		4		4		2		4		4		2		2		5		2		2		2		2		2		2		2		2		2		2		2		2

		55		0.428267147857696		0.474193439818919		0.829467749455944		0.76571082114242		4		4		4		4		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3

		56		0.763243533670902		0.170210476266220		0.861380892340094		0.741289506200701		4		4		4		4		4		4		4		4		2		2		4		2		2		2		2		2		2		2		2		2

		57		0.355192179791629		0.989835635758936		0.322770710801706		0.547877054195851		1		1		1		5		1		1		1		1		1		1		1		3		1		1		1		3		1		3		3		1

		58		0.753110923571512		0.931025713216513		0.891855475492775		0.720615049358457		4		4		5		5		4		4		5		5		4		5		1		5		5		5		4		5		3		5		3		5

		59		0.109153019962832		0.985205929726362		0.950577416457236		0.215329897357151		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		60		0.755379107082263		0.225010157329962		0.563798929098994		0.253988898824900		4		4		2		2		4		2		2		5		2		2		2		2		2		2		2		2		2		2		2		2

		61		0.711878826841712		0.191141190938652		0.97993006487377		0.973836635705084		4		4		4		4		4		4		4		4		4		4		4		2		4		4		2		3		2		2		2		2

		62		0.731322056381032		0.0221952982246876		0.382280948571861		0.477160077774897		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		63		0.435145823517814		0.299121336312965		0.539456432219595		0.403562998631969		4		5		4		4		4		4		2		4		3		4		2		2		2		2		2		2		2		3		2		2

		64		0.240719624096528		0.116000500041991		0.471761479275301		0.99367263331078		4		4		4		4		3		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3

		65		0.699338835198432		0.182544924318790		0.630662197479978		0.70816759718582		4		4		4		4		4		4		4		4		2		2		2		2		2		2		2		2		2		2		2		2

		66		0.141777109354734		0.364362827502191		0.385594229679555		0.18326000100933		4		5		5		5		4		3		5		3		5		5		3		5		3		3		5		3		3		3		2		3

		67		0.664031235035509		0.0849988963454962		0.00639135437086225		0.821029894286767		4		1		4		1		1		1		2		2		2		1		2		2		2		2		2		2		2		2		2		2

		68		0.775345023721457		0.917527004610747		0.744758474873379		0.66403969633393		4		4		4		4		4		4		4		5		5		5		1		3		1		1		5		1		1		5		1		5

		69		0.539940400514752		0.0286893546581268		0.746995615307242		0.347731270361692		4		4		2		4		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		70		0.732160164276138		0.83190112747252		0.575665106531233		0.0273409129586071		5		5		1		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		1		1

		71		0.548441347433254		0.839676078408957		0.568560088751838		0.430326155386865		4		4		5		1		1		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		72		0.629020565189421		0.539395119063556		0.809710919857025		0.52993828477338		4		4		4		5		4		5		4		4		5		4		4		5		5		2		2		2		5		2		5		2

		73		0.314594615949318		0.084099528612569		0.416915844194591		0.426099437754601		4		4		3		2		4		4		2		3		4		3		2		3		2		3		2		2		2		2		2		3

		74		0.168814508942887		0.760105220135301		0.185798576800153		0.799606992630288		4		4		4		4		3		3		3		3		3		3		3		1		3		3		3		3		3		3		3		3

		75		0.0490022981539369		0.214942746330053		0.694484613835812		0.611152827506885		4		4		4		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		76		0.593462258344516		0.245307732606307		0.142023213207722		0.392753185704350		4		4		1		1		2		1		2		2		1		1		1		1		2		2		2		2		2		2		2		2

		77		0.0705167995765805		0.0250847800634801		0.332174350041896		0.846054174238816		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		78		0.795699388021603		0.73992983973585		0.522029600571841		0.759498806903139		1		1		4		1		4		4		4		1		1		1		1		1		1		1		1		1		1		2		1		1

		79		0.469842954771593		0.138336580945179		0.698290879605338		0.529265250777826		4		4		4		4		4		2		4		2		2		3		2		2		2		2		4		2		3		2		2		2

		80		0.282348432112485		0.397207622649148		0.0974566035438329		0.458438605535775		1		1		4		1		3		1		3		1		3		1		2		3		2		3		3		1		3		3		3		3

		81		0.112075836630538		0.510563911870122		0.127357816090807		0.0819084628019482		5		5		1		1		5		1		5		5		1		5		3		3		3		3		5		3		3		1		3		3

		82		0.453561790753156		0.46396238100715		0.326795197790489		0.976866768673062		4		4		4		4		4		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3

		83		0.749950655503199		0.854883199092		0.685431211488321		0.639754654839635		4		4		1		1		4		5		5		5		5		5		5		1		1		5		1		1		5		1		2		2

		84		0.407505615148693		0.563604697119445		0.333431205479428		0.295283617917448		5		5		5		1		1		1		5		1		5		5		5		2		1		1		2		1		2		2		3		5

		85		0.0813339003361762		0.0669384617358446		0.635650624521077		0.951845339732245		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		86		0.194415225414559		0.298380719032139		0.894740824820474		0.085128412116319		5		4		5		5		5		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5

		87		0.712040730053559		0.0317174873780459		0.687887870008126		0.129745753016323		5		4		4		2		4		2		2		5		2		5		2		2		2		2		2		2		2		2		2		2

		88		0.578116290969774		0.641047800891101		0.0211168478708714		0.866693408461288		1		1		1		1		1		1		3		1		1		1		1		1		1		1		1		1		1		3		1		3

		89		0.551287511130795		0.543963979231194		0.744533416815102		0.432955969823524		4		5		4		4		4		4		5		5		5		2		4		5		2		3		2		5		2		2		5		5

		90		0.143048309488222		0.773054129211232		0.668871011584997		0.61440953775309		4		4		4		4		5		4		4		3		5		5		5		4		5		3		3		3		3		3		3		3

		91		0.636521033244208		0.214319179533049		0.997074347222224		0.470096915960312		4		4		4		4		4		4		4		4		4		4		4		2		4		2		2		2		2		2		2		2

		92		0.961364681599662		0.131587754469365		0.395241789752617		0.947819254826754		4		4		2		4		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		93		0.710836163256317		0.524968580109999		0.961430874885991		0.548900701105595		4		4		4		4		5		4		4		4		4		5		2		4		2		4		2		5		2		2		2		2

		94		0.637967792106792		0.506617564940825		0.390639555174857		0.170942630618811		5		1		5		1		1		1		5		1		5		2		5		1		2		2		2		5		2		2		1		2

		95		0.96260885335505		0.831754811573774		0.335513643687591		0.478171592578292		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		96		0.305005156667903		0.657283337786794		0.175790868233889		0.391030718106776		4		1		1		1		1		1		1		1		1		3		1		1		1		1		1		1		3		1		3		1

		97		0.051658236887306		0.285863123834133		0.59133507637307		0.366589460754767		4		4		4		4		4		4		3		5		3		4		3		3		3		3		3		3		3		3		3		3

		98		0.833715979708359		0.185992570128292		0.271924712462351		0.330139689380303		2		1		5		2		1		2		1		1		1		2		1		2		2		2		2		2		2		2		2		2

		99		0.450478125596419		0.365051276283339		0.443430523853749		0.556402803398669		4		4		4		4		4		4		4		1		2		3		4		3		2		2		3		2		3		3		2		3

		100		0.447774551808834		0.0521638635545969		0.544976460980251		0.854045029031113		4		4		4		4		3		4		2		4		3		2		4		2		2		3		2		2		2		2		2		2

		101		0.947078394936398		0.581876657670364		0.430228278273717		0.153839219827205		5		5		5		1		1		1		2		1		5		5		1		2		2		1		2		5		2		5		2		2

		102		0.666794009506702		0.144632651004940		0.392256424296647		0.874987531919032		4		4		4		4		2		2		4		4		2		2		2		2		3		2		2		2		2		2		2		2

		103		0.538484890945256		0.327803969848901		0.360757613787428		0.554077793611214		4		4		4		4		1		1		1		1		2		2		3		2		2		2		2		3		3		3		2		2

		104		0.707848739810288		0.724576618755236		0.0341367181390524		0.83491700491868		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		105		0.62978874775581		0.0928039581049234		0.0495366523973644		0.50150679750368		1		4		2		1		2		1		2		2		2		2		2		1		2		2		2		2		2		2		2		2

		106		0.368228007107973		0.201558160828426		0.764788962434977		0.680937831290066		4		4		4		4		4		4		4		4		4		4		3		2		3		2		3		3		3		3		3		2

		107		0.744474633131176		0.731657036812976		0.033186950488016		0.251792758703232		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		108		0.603426385205239		0.818767523160204		0.366984069813043		0.466821813257411		4		4		1		1		1		1		1		5		1		1		1		1		1		1		1		1		1		1		1		3

		109		0.632315418682992		0.55602640635334		0.0468866438604891		0.202852709684521		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		2		1

		110		0.930289503186941		0.416193921351805		0.648144454928115		0.118230521446094		5		4		5		1		4		1		5		2		2		2		2		2		2		5		2		2		2		2		2		2

		111		0.843576747458428		0.244546609465033		0.865603983635083		0.656709476839751		4		4		4		4		4		4		4		4		4		2		2		4		2		2		2		2		2		2		2		2

		112		0.443353881128132		0.945084621198475		0.0749678567517549		0.306222231825814		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2

		113		0.373497747583315		0.353588081896305		0.703302208799869		0.777874103747308		4		4		4		4		4		4		4		4		4		4		4		4		3		4		3		3		3		3		3		3

		114		0.510585016570985		0.619051880203187		0.841310609597713		0.560925058089197		4		4		4		4		4		5		5		5		5		5		4		5		4		5		5		5		3		2		5		5

		115		0.841199825517833		0.328837280161679		0.463600396877155		0.528653183486313		4		4		4		1		4		2		4		1		2		2		2		2		2		2		2		2		2		2		2		2

		116		0.899935626192018		0.0151576781645417		0.289611403597519		0.93765005748719		2		4		2		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		117		0.945954829687253		0.405568334739655		0.80068413587287		0.0116121298633516		5		5		5		5		5		5		5		5		5		5		5		5		2		5		5		2		2		2		2		2

		118		0.0996776062529534		0.166621405165642		0.89065826870501		0.682465215912089		4		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3

		119		0.35192586039193		0.59375561028719		0.481640754966065		0.0624609037768096		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		1		5		5		2

		120		0.0490220019128174		0.788467539241537		0.920907152118161		0.388431560248137		4		5		4		5		5		5		5		5		3		5		5		5		3		5		5		3		5		5		5		3

		121		0.690561660332605		0.405447833938524		0.818348950706422		0.370479271980003		4		4		4		4		5		4		4		2		5		2		2		2		5		2		2		2		2		2		2		5

		122		0.111430997028947		0.151190290926024		0.814287588465959		0.47100342111662		4		4		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3

		123		0.0466360489372164		0.931286429753527		0.76225108280778		0.727017196360976		4		4		4		5		5		4		4		5		4		4		3		4		3		3		3		3		3		3		3		3

		124		0.632837006123737		0.454323103651404		0.351562717696652		0.289979968918487		4		1		1		1		2		1		1		1		1		1		1		2		2		2		2		2		2		2		1		1

		125		0.8774045528844		0.596259955782443		0.961862959200516		0.648430998669937		4		4		4		4		4		4		4		4		4		4		2		4		4		5		2		2		2		3		2		2

		126		0.70071673952043		0.87798940227367		0.945616961689666		0.857564089354128		4		4		4		4		5		4		4		4		4		4		4		4		4		4		3		4		3		3		5		3

		127		0.724008050747216		0.255076024914160		0.0591547340154648		0.843468638369814		1		1		1		1		2		1		1		1		2		4		1		2		2		1		2		2		2		2		2		2

		128		0.401580925332382		0.63172348216176		0.661517316708341		0.705058405175805		4		4		4		5		4		5		3		4		4		3		4		3		3		3		3		3		3		1		3		3

		129		0.203554364386946		0.701329700881615		0.187754242448136		0.0801162547431886		5		5		5		5		5		5		1		5		1		1		5		5		5		5		1		5		5		3		1		3

		130		0.553019507555291		0.789598329458386		0.464703786186874		0.931730454787612		4		4		4		4		4		4		1		1		4		1		1		1		3		1		3		3		3		3		3		3

		131		0.923719864571467		0.000414934009313583		0.305123214609921		0.326852716272697		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		132		0.249133077682927		0.623388122068718		0.0434093785006553		0.0404536172281951		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1		3		3		1

		133		0.404808382503688		0.990478754742071		0.859467277070507		0.83844570047222		4		4		4		4		4		4		4		4		4		4		4		5		4		5		5		3		3		3		3		3

		134		0.450053439009935		0.386170621961355		0.681857070652768		0.276328036328778		4		5		4		5		5		4		5		5		5		5		5		5		2		5		2		2		2		5		2		3

		135		0.735841219779104		0.0331160181667656		0.571474826429039		0.333589780144393		5		4		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		136		0.462677248287946		0.582371886819601		0.845740175107494		0.636952829314396		4		4		4		4		4		4		4		4		4		4		4		4		2		3		3		3		3		3		3		3

		137		0.813998484285548		0.192354025086388		0.772058890433982		0.826890136580914		4		4		4		4		4		4		4		4		2		2		2		2		2		2		2		2		2		4		2		2

		138		0.129631504183635		0.587830628501251		0.256612384226173		0.760731676360592		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		139		0.0395121106412262		0.229617985431105		0.939373369095847		0.508731588022783		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3

		140		0.272275784052908		0.958440138725564		0.665395675459877		0.944892695173621		4		4		4		4		4		4		4		4		3		3		4		3		3		3		3		3		3		3		3		3

		141		0.121458930429071		0.7445820691064		0.00498194713145494		0.917575749801472		1		1		3		1		1		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		142		0.799367855070159		0.394480731105432		0.408987016417086		0.0360896254424006		5		5		5		5		5		1		1		2		1		1		5		5		2		2		2		2		2		2		2		5

		143		0.135091372765601		0.0898324274457991		0.460684592602775		0.605911469087005		4		4		3		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		144		0.507565876469016		0.704249345231801		0.551647745305672		0.155525696696714		5		5		1		5		5		5		5		5		5		5		5		5		5		5		5		1		5		5		5		5

		145		0.948528647655621		0.0495993334334344		0.831923918100074		0.439983173040673		4		2		2		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		146		0.312436552485451		0.658346902113408		0.530231130775064		0.771542773814872		4		4		4		4		4		4		4		4		3		3		3		3		3		3		1		3		3		3		3		3

		147		0.552134693833068		0.338681582128629		0.93290366162546		0.242566047003493		4		5		5		4		4		5		5		5		5		2		5		4		5		5		2		5		2		3		2		5

		148		0.0960404102224857		0.994007027009502		0.572202621726319		0.0693239576648921		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		149		0.179609969258308		0.405152262886986		0.598448644857854		0.446033190703019		4		4		4		4		5		5		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		150		0.669499885290861		0.731803164817393		0.272156790364534		0.841343847103417		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1		3		3

		151		0.39126939792186		0.9173579858616		0.461308159632608		0.225846648681909		5		1		5		5		5		5		5		5		5		5		1		5		5		5		5		5		5		5		1		5

		152		0.234663358423859		0.199855864048004		0.0390950089786202		0.449248720426112		1		1		4		3		3		3		3		2		3		2		3		3		3		3		2		3		3		3		2		2

		153		0.338602973846719		0.5152276980225		0.523308913223445		0.428891003131866		5		5		4		4		4		4		5		3		5		3		3		3		3		3		3		5		2		3		3		3

		154		0.934624595334753		0.882719495799392		0.0879078153520823		0.691569276154041		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		155		0.956581486621872		0.751191568560898		0.728694989113137		0.179482302861288		5		5		5		5		5		5		5		5		5		5		5		1		5		5		5		5		5		5		1		2

		156		0.867142130620778		0.492075045825914		0.0357907279394567		0.0391711983829737		1		1		1		1		1		1		1		1		1		1		2		2		1		1		2		1		1		1		2		2

		157		0.817207640502602		0.990588696906343		0.125901856459677		0.883935820544139		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		158		0.236124258488417		0.989778097718954		0.192841881187633		0.201371716102585		1		1		1		5		1		5		5		5		1		1		5		1		1		5		1		5		1		3		5		1

		159		0.513326088199392		0.502352600451559		0.100640554679558		0.0979037256911397		1		1		1		1		1		1		1		1		1		1		1		1		5		1		2		1		1		5		2		2

		160		0.535748275462538		0.801769259851426		0.505428621312603		0.0453909852076322		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		161		0.740181992994621		0.353485246188939		0.567377801518887		0.0297506679780781		4		2		5		5		2		2		2		2		5		2		2		2		5		2		5		2		2		2		2		2

		162		0.428112626308575		0.217543882550672		0.448451949283481		0.219442539615557		4		4		4		4		4		5		5		5		2		5		2		2		2		2		2		2		2		2		2		2

		163		0.758103578118607		0.516683190828189		0.364722342928872		0.114996660500765		5		1		1		1		5		1		5		5		1		5		5		1		5		2		1		2		1		2		2		2

		164		0.936622457345948		0.932540332665667		0.824673147173598		0.267932844115421		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		1		5		5		5		5

		165		0.251369182486087		0.163277987856418		0.165873119374737		0.0779800086747855		5		4		2		1		2		2		5		1		2		5		2		2		2		2		2		2		2		2		3		2

		166		0.318470026366413		0.935674676205963		0.646218177629635		0.502921635750681		5		5		5		5		5		5		5		5		5		5		3		5		3		5		5		5		3		3		5		3

		167		0.478829333791509		0.534030896378681		0.381607349961996		0.255937102250755		1		5		4		5		1		5		1		1		1		5		3		5		2		5		2		2		2		2		2		3

		168		0.980213731527328		0.0707787552382797		0.781192862894386		0.516337480628863		4		2		4		4		2		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2

		169		0.785590226761997		0.0105969393625855		0.0388108266051859		0.703588136704639		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		170		0.334511399734765		0.728456334210932		0.449730353895575		0.145343551645055		5		5		5		5		1		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		171		0.0503195121418685		0.0698303158860654		0.924261265201494		0.449780481634662		4		4		4		4		4		4		4		3		3		4		3		4		3		3		3		3		3		3		3		3

		172		0.0664174663834274		0.304690870456398		0.891928950324655		0.122659211745486		5		4		4		5		5		5		5		4		5		5		5		5		3		5		5		5		5		5		5		5

		173		0.210307422792539		0.190559847280383		0.464430450461805		0.257110592443496		4		5		4		5		4		5		2		4		3		2		3		3		2		3		3		5		2		3		2		2

		174		0.0884294507559389		0.61768887238577		0.574508781312034		0.831778887659311		4		4		4		3		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		175		0.161931294482201		0.101386256283149		0.103319526184350		0.80981459771283		4		3		3		3		3		4		3		3		3		3		2		3		3		3		3		3		3		3		3		3

		176		0.915664616506547		0.253809117246419		0.386729836463928		0.182507237885147		1		2		1		1		5		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		177		0.128282002871856		0.400008093565702		0.801274088211358		0.098137672059238		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		5		5		5

		178		0.500980640528724		0.607330441940576		0.440216736169532		0.933186104521155		4		4		4		4		4		4		4		3		4		1		3		4		3		3		1		4		3		3		3		3

		179		0.609729954740033		0.324932255549356		0.788942055311054		0.561875405721366		4		4		4		4		4		4		4		5		4		4		2		2		2		2		2		2		2		2		2		2

		180		0.465427183778957		0.402700871694833		0.848289930261672		0.183182957349345		5		5		5		5		5		5		5		5		5		5		5		5		2		2		5		5		2		5		2		3

		181		0.764968645758927		0.676938307471573		0.809844340896234		0.091095537878573		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2

		182		0.149830424925312		0.499208676861599		0.468909322516993		0.64602413540706		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		183		0.975129473488778		0.176719011738896		0.112071084789932		0.227968889288604		1		2		1		2		2		1		2		2		1		2		2		2		2		2		2		2		2		2		2		2

		184		0.863927932223305		0.193810859462246		0.99669771664776		0.0577459139749408		4		5		5		5		5		5		2		5		2		2		5		5		5		2		2		2		2		2		2		2

		185		0.998221832327545		0.457208962645382		0.208976540947333		0.378664277261123		1		1		1		1		1		1		1		1		1		1		2		2		2		1		1		2		2		2		2		2

		186		0.0539183001965284		0.93767292262055		0.0878271134570241		0.562157146632671		4		1		1		1		3		1		3		3		3		3		3		3		1		3		3		3		3		3		3		3

		187		0.475437278393656		0.0536089427769184		0.00431638397276402		0.869054247625172		4		2		4		4		2		3		2		3		2		3		2		2		3		2		3		2		2		2		3		2

		188		0.957987434230745		0.130470850970596		0.107111505465582		0.830533564090729		2		2		1		2		1		2		2		2		1		1		2		2		2		2		2		2		2		2		2		2

		189		0.583240669686347		0.0386934545822442		0.946154312463477		0.888663692167029		4		4		4		4		4		4		4		4		4		4		2		4		2		2		2		2		2		2		2		2

		190		0.352156189270318		0.00221196468919516		0.908272639615461		0.583980749361217		4		4		4		4		4		4		4		4		2		4		2		4		3		3		2		2		2		2		3		2

		191		0.48188932123594		0.283548692939803		0.266930098878220		0.0492508478928357		1		5		2		1		2		2		5		5		2		1		2		2		1		2		2		2		2		2		2		2

		192		0.0374879334121943		0.327701709466055		0.188949137460440		0.329289689660072		3		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		193		0.717577134491876		0.125521255889907		0.345617945771664		0.905848073307425		4		4		4		4		2		4		2		1		2		2		2		3		2		2		2		2		2		2		2		2

		194		0.899552774848416		0.350281623192132		0.953215536894277		0.237765602767467		5		5		4		5		2		5		5		5		2		2		5		5		5		2		5		2		2		5		2		2

		195		0.43015412054956		0.51415080181323		0.499912780011073		0.0419786490965635		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		2		5		2

		196		0.470704713836312		0.263672396074980		0.549618676071987		0.479707818012685		4		4		4		4		2		2		4		2		4		2		2		2		2		3		2		2		3		2		2		2

		197		0.337583418237045		0.771765134995803		0.884596821386367		0.674187011318281		4		4		4		4		4		4		4		4		4		4		4		3		5		3		3		3		3		3		3		5

		198		0.286845130613074		0.988876948598772		0.678008507704362		0.523561340058222		5		4		5		5		4		1		5		5		5		5		5		5		5		5		5		5		3		3		5		3

		199		0.973268306348473		0.530776443425566		0.839565488975495		0.984937532804906		4		4		4		4		4		4		4		4		4		4		4		4		4		2		2		2		2		2		2		3

		200		0.498357818229124		0.0875453134067357		0.552020087139681		0.690761548699811		4		4		4		4		4		2		4		4		2		4		2		2		2		2		2		2		2		2		2		2

		201		0.294493413064629		0.578637344297022		0.904419178841636		0.0760807758197188		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		202		0.190494771581143		0.152113738004118		0.287221746519208		0.266679758904502		4		4		4		3		4		2		3		3		2		3		3		3		2		3		3		2		2		3		3		3

		203		0.859642065828666		0.514125648885965		0.097076480742544		0.62303897109814		1		1		1		1		1		1		1		1		1		2		1		1		1		1		2		2		1		1		2		1

		204		0.765247970353812		0.221983798546717		0.828150910325348		0.63833125680685		4		4		4		4		2		2		4		4		2		4		2		4		2		4		2		2		2		2		2		2

		205		0.125673073809594		0.240911773173138		0.524698032764718		0.9808797724545		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		206		0.331439967500046		0.505304242717102		0.241419594734907		0.5120481364429		4		1		1		4		1		4		3		1		5		1		3		1		3		3		3		3		3		2		3		3

		207		0.249949042918161		0.856075120391324		0.286832753103226		0.0295602162368596		1		5		5		5		1		5		5		1		5		1		5		5		1		5		5		5		1		5		1		5

		208		0.344681861810386		0.465089407749474		0.673565653618425		0.65034723537974		4		4		4		4		4		4		4		4		3		4		4		5		3		3		3		3		3		2		3		3

		209		0.83880439773202		0.903808368602768		0.825796536868438		0.779800712130964		4		4		4		5		4		4		4		5		5		5		1		4		1		1		5		2		1		1		5		1

		210		0.182297767605633		0.533746070694178		0.189080924959853		0.318082982441410		4		5		3		5		1		5		5		5		1		1		3		1		3		3		3		3		3		3		3		3

		211		0.779426558874547		0.552416747203097		0.671412818599492		0.149422008311376		5		5		5		5		5		5		5		1		5		2		1		2		2		2		2		5		2		2		2		2

		212		0.255311787128448		0.555177326546982		0.759632674045861		0.71022226754576		4		4		4		4		4		3		4		3		4		4		4		5		4		3		3		3		3		3		3		3

		213		0.43334281956777		0.957400555256754		0.442750326124951		0.112231359351426		5		1		5		5		5		5		5		5		1		5		1		5		5		5		5		5		5		5		5		5

		214		0.544462548336014		0.231263424968347		0.35453460435383		0.789887594990432		4		4		4		4		2		4		4		4		4		3		3		2		2		3		2		2		2		2		3		3

		215		0.496678991941735		0.350998801877722		0.363326708553359		0.345661135856062		4		4		5		5		1		4		2		2		1		2		2		2		2		2		2		2		2		2		2		2

		216		0.0878414504695684		0.0274635299574584		0.341234703082591		0.74895348539576		3		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		217		0.242033635266125		0.784487813012674		0.969096027780324		0.514426210196689		4		4		4		5		5		5		5		5		5		5		4		4		3		5		5		3		5		5		3		5

		218		0.0681185929570347		0.313418587436900		0.217975632753223		0.229854645207524		1		4		5		3		1		5		3		3		3		3		5		3		3		2		3		3		3		3		3		3

		219		0.0167154963128269		0.85620168177411		0.603910813573748		0.363372296327725		4		4		4		5		5		4		5		5		5		5		3		5		3		3		3		3		5		3		3		3

		220		0.0327405596617609		0.898193814558908		0.616771935950965		0.471312478650361		4		5		4		5		4		5		5		5		3		3		3		5		3		3		3		3		3		3		3		5

		221		0.273753893328831		0.100680651143193		0.49746946291998		0.854653430404142		4		4		4		4		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		222		0.349048097152263		0.690551243023947		0.598663139622658		0.019073466071859		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		223		0.247218558564782		0.150085737230256		0.97638444066979		0.915838022949174		4		4		4		4		4		4		4		4		4		3		3		4		3		3		4		3		3		3		3		3

		224		0.242140693124384		0.671773772453889		0.80011328170076		0.371647441992536		4		5		5		4		4		5		5		5		5		5		5		4		5		3		5		5		3		3		5		3

		225		0.415679965633899		0.756367343012244		0.286021142266691		0.0352111791726202		5		1		5		5		5		5		1		1		5		5		1		5		5		1		5		5		5		2		5		1

		226		0.0898636560887098		0.586010354105383		0.280390697997063		0.899950311286375		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		227		0.913230856880546		0.929255315801129		0.106058306060731		0.551651866175234		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		228		0.681804418331012		0.21767306397669		0.342901800526306		0.969739757711068		4		4		4		4		4		4		2		2		4		4		2		2		3		2		2		3		3		2		3		2

		229		0.56623498746194		0.483993377303705		0.912163243396208		0.312118471832946		5		4		5		5		5		5		5		4		5		5		5		5		5		2		5		2		5		5		2		5

		230		0.884036774979904		0.698819882236421		0.177535074530169		0.863426866708323		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1		1		2		1

		231		0.978855582652614		0.530244040070102		0.440111474599689		0.556591091444716		1		1		4		1		1		1		1		2		1		2		2		1		2		2		2		2		2		2		2		2

		232		0.279651745921001		0.733219008892775		0.937293276423588		0.883533116430044		4		4		4		4		4		4		4		4		4		4		4		3		4		3		3		3		3		5		3		3

		233		0.98054992989637		0.374337652232498		0.879193607252091		0.578106753295287		4		4		4		5		4		4		4		5		2		2		2		2		2		2		2		2		2		2		2		2

		234		0.88996504060924		0.729239259148017		0.284717909060419		0.206489967182279		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		235		0.828353696037084		0.109069664962590		0.181403600145131		0.103169402340427		1		1		2		2		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		236		0.0149017248768359		0.782037656521425		0.318269332870841		0.82924600946717		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		237		0.469398789107800		0.723363366909325		0.879247022094205		0.859074637060985		4		4		4		4		4		4		4		3		4		4		3		4		3		4		3		4		3		5		3		3

		238		0.990717073203996		0.334102748893201		0.584579693386331		0.119430767605081		1		5		5		5		5		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		239		0.55003948113881		0.169419424375519		0.483165866229683		0.934579525142908		4		4		4		4		2		4		3		4		2		4		2		3		3		2		3		3		2		3		2		2

		240		0.151932261185721		0.466373786795884		0.0114008344244212		0.758150628069416		4		4		3		3		1		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		241		0.208127225749195		0.866537312744185		0.122553121531382		0.0207257289439440		5		1		5		1		1		1		1		5		1		5		5		5		5		1		1		5		5		5		1		5

		242		0.210236030165106		0.321398131549358		0.600760103669018		0.888461222872138		4		4		4		4		4		4		3		4		3		4		3		3		3		3		3		3		3		3		3		3

		243		0.942195310723037		0.809078269638121		0.307058983948082		0.537442553089932		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		244		0.793676598928869		0.64200918446295		0.826222971081734		0.7060851813294		4		4		4		4		4		4		4		4		4		4		5		4		4		3		2		1		2		2		2		2

		245		0.472858603810892		0.212368386331946		0.905999303329736		0.358681311830878		4		4		4		4		5		4		4		4		2		5		2		2		5		2		2		2		2		2		2		2

		246		0.279290074016899		0.482022750424221		0.613600076641887		0.82734423619695		4		4		4		4		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		247		0.097865505842492		0.208656254224479		0.234105282695964		0.914784294553101		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		248		0.424715880770236		0.40737303160131		0.418008231092244		0.493547042133287		4		4		4		4		3		1		4		1		1		1		3		2		5		3		2		2		3		3		2		3

		249		0.582894516410306		0.387463104212657		0.281304560834542		0.948330922517926		4		4		4		1		4		4		4		3		3		2		4		3		3		3		4		2		3		2		3		2

		250		0.240131886443123		0.305092855589464		0.687651398358867		0.393238029908389		4		4		4		4		4		5		5		3		5		5		4		5		3		5		4		3		3		3		2		3

		251		0.327449990669265		0.443979559000582		0.959235426504165		0.444734962889925		4		4		4		4		4		4		5		5		5		4		3		5		4		5		3		5		3		3		5		3

		252		0.100811183685437		0.734547871630639		0.0120851255487651		0.289548792876303		1		1		1		5		1		3		1		1		1		1		3		1		3		1		3		3		3		3		3		3

		253		0.635203647892922		0.382486578542739		0.718129058834165		0.766826237784699		4		4		4		4		4		4		4		4		4		4		4		3		4		4		3		2		2		2		3		2

		254		0.442612023558468		0.972325876355171		0.890754463383928		0.360205073375255		5		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		255		0.669608946889639		0.975600390229374		0.85517247999087		0.286211653845385		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		256		0.556399736786261		0.869110611034557		0.0870948305819184		0.873558616265655		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1		3

		257		0.0883583119139075		0.757808807771653		0.427977636456490		0.984361926093698		4		4		4		3		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		258		0.0749948089942336		0.272898541297764		0.960126316174865		0.504778675269336		4		4		4		4		5		4		4		4		4		5		3		4		3		3		3		3		3		3		2		3

		259		0.742260198807344		0.806547568179667		0.741222996497527		0.415586588904262		5		4		1		5		5		5		5		5		5		4		5		5		1		5		5		5		2		5		5		5

		260		0.0742043450009078		0.399389004334807		0.0112309660762548		0.519570905948058		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		261		0.00448267185129225		0.519870237214491		0.0111991562880576		0.133343210676685		1		1		1		1		1		5		5		3		1		3		3		3		3		3		3		3		3		3		3		3

		262		0.975512349046767		0.491789120715111		0.00549455732107162		0.750107828062028		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1		1		2		2		1

		263		0.0608082329854369		0.421702826628461		0.241808848921210		0.830463971244171		4		4		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		264		0.734288880834356		0.202563300030306		0.453433754155412		0.914505367400125		4		4		4		2		4		4		2		4		2		2		2		3		2		2		2		2		2		2		2		2

		265		0.24991966993548		0.0765791374724358		0.78975249058567		0.835225623333827		4		4		4		4		4		4		4		2		4		3		3		3		3		3		3		3		3		3		3		3

		266		0.553939542267472		0.85402370733209		0.330112986033782		0.126718068495393		5		1		5		1		5		5		5		1		1		5		5		5		5		1		1		1		1		1		1		5

		267		0.336822187760845		0.0097491624765098		0.540981733240187		0.451416385127231		4		4		4		4		4		4		2		2		2		2		2		2		3		3		2		2		2		2		2		2

		268		0.327052539680153		0.494097825838253		0.615740762557834		0.94779203319922		4		4		4		4		4		4		4		3		3		4		3		3		3		3		3		3		3		3		3		3

		269		0.694408129900694		0.0182681537698954		0.703018046915531		0.934943727450445		4		4		4		4		4		4		4		4		4		4		2		4		2		2		2		2		2		2		2		2

		270		0.661203920375556		0.900052286451682		0.470723401987925		0.802327878540382		4		1		4		1		1		1		4		1		1		1		1		1		1		1		1		1		1		3		3		3

		271		0.919773624511436		0.183663522591814		0.781281476374716		0.107044111471623		4		4		5		2		2		5		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		272		0.572175338165835		0.814542720792815		0.755538820987567		0.827915533911437		4		4		4		4		1		4		5		4		4		4		4		4		4		3		4		3		3		3		3		3

		273		0.600622951751575		0.0483346309047192		0.705939224222675		0.295153744751588		4		4		4		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		274		0.912261187797412		0.513055610237643		0.938759391428903		0.019394920906052		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		2		5

		275		0.273104068590328		0.646658033365384		0.901676954701543		0.508351182797924		4		4		4		5		4		5		5		4		5		5		4		4		3		5		5		3		3		3		5		3

		276		0.423448986141011		0.380909519502893		0.886403952958062		0.70132190338336		4		4		4		4		4		4		4		4		4		4		5		4		3		3		2		4		3		3		3		3

		277		0.661703062942252		0.94609902240336		0.606191302416846		0.142043398926035		5		5		5		5		5		5		1		5		5		5		5		5		5		5		5		5		5		5		1		5

		278		0.521518629277125		0.729439710499719		0.483717383584008		0.0282485287170857		5		1		5		5		5		5		5		5		5		5		5		5		1		5		5		5		1		5		5		5

		279		0.695212970953435		0.173014557920396		0.700841278536245		0.63357356726192		4		4		4		4		4		4		4		4		4		2		4		2		2		2		2		2		2		2		2		2

		280		0.786537238629535		0.308980313828215		0.145711226388812		0.510909885633737		1		1		1		1		2		1		1		1		1		2		2		2		1		2		2		2		2		2		2		2

		281		0.00292923278175294		0.171997842611745		0.0867124455980957		0.797469408949837		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		282		0.442877862136811		0.91889838105999		0.00178780779242516		0.712138766888529		1		1		1		1		1		1		1		1		1		1		1		1		3		1		1		1		1		1		1		1

		283		0.723372627748176		0.990017539588735		0.689360329182819		0.0885975824203342		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		284		0.276431709527969		0.61267866124399		0.175856789806858		0.34369923803024		1		1		1		1		1		1		1		1		5		1		1		3		3		3		3		1		3		3		3		3

		285		0.328500052681193		0.87455039541237		0.61832944327034		0.629660266451538		5		5		4		4		4		1		5		4		5		5		5		5		5		3		3		3		3		3		3		3

		286		0.099800683092326		0.374069966375828		0.86327243456617		0.344837517477572		4		4		5		5		4		4		5		5		5		5		5		3		5		3		5		3		5		3		3		3

		287		0.971119384048507		0.618707698304206		0.257095173932612		0.844635931542143		1		1		1		4		1		4		1		1		2		1		1		1		1		1		1		1		2		1		2		2

		288		0.629334238357842		0.0401029472704977		0.150944471359253		0.753803313476965		4		1		4		2		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2

		289		0.629000331507996		0.0403485402930528		0.00653689913451672		0.89810907933861		1		1		1		2		2		3		2		3		2		3		2		2		2		2		2		2		2		3		2		3

		290		0.100390046834946		0.730570731684566		0.67764941114001		0.143926809309050		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		291		0.806594159919769		0.914821655256674		0.126790021080524		0.476322235539556		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		292		0.973174676531926		0.593586050905287		0.296141054714099		0.871694009751081		1		4		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1		2		2		1

		293		0.907332048751414		0.758703741477802		0.925705917645246		0.344288715394214		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		5		5		5		5

		294		0.522818615427241		0.417741473065689		0.355433530407026		0.905149740632623		4		1		4		1		4		4		3		1		1		2		4		3		4		3		3		3		3		3		3		3

		295		0.107050412800163		0.744442127179354		0.219193257391453		0.269357958110049		1		5		1		5		5		5		1		5		1		5		5		5		3		3		3		5		3		3		3		3

		296		0.510110538918525		0.759938273346052		0.940977273974568		0.91522056912072		4		4		4		4		4		4		4		4		4		4		4		4		3		3		4		3		3		3		3		3

		297		0.234955728752539		0.916172774508595		0.465487218927592		0.0454735753592104		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		298		0.317981026368216		0.421733394032344		0.160133683821186		0.153329380089417		1		1		1		1		1		5		1		1		5		3		3		1		2		2		1		2		2		3		2		3

		299		0.829437801847234		0.770634524291381		0.402544279582798		0.532701221294701		1		1		1		1		1		1		1		1		1		1		1		1		1		2		2		2		1		1		1		1

		300		0.598971910774708		0.892641058424488		0.573506374377757		0.472131029237062		1		1		4		1		5		4		1		5		5		5		5		5		5		5		5		1		1		5		5		3

		301		0.864000896224752		0.180250253528357		0.477592183277011		0.672112836502492		4		4		2		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		302		0.339686068473384		0.0602219633292407		0.324108383385465		0.967862697783858		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		303		0.691104035358876		0.361880221636966		0.831699712900445		0.703150242334232		4		4		4		4		4		4		4		2		2		4		2		3		2		4		2		2		2		2		2		2

		304		0.72567925346084		0.53483184822835		0.217640697723255		0.599685496650636		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1		2		3		2		1

		305		0.497487682849169		0.0645135908853263		0.858606917317957		0.855412538396195		4		4		4		4		4		4		4		4		4		2		4		2		2		2		2		3		3		3		3		2

		306		0.806567110819742		0.804607876809314		0.374616549583152		0.389734394848347		1		1		1		1		1		1		5		1		5		1		1		1		1		2		1		1		1		1		2		1

		307		0.431710155680776		0.22118924674578		0.000801473157480359		0.416316275019199		1		1		1		3		2		1		1		2		1		1		2		3		2		2		2		2		2		3		3		2

		308		0.551741494098678		0.190443691331893		0.468372194794938		0.129498000489548		5		4		2		2		5		2		5		2		2		2		2		2		2		2		2		2		2		2		2		2

		309		0.456459694774821		0.992977814050391		0.0834751108195633		0.744296655757353		1		1		1		1		1		1		1		1		1		1		3		3		1		1		1		1		1		1		1		3

		310		0.638038868783042		0.90626532281749		0.98874167399481		0.842576496768743		4		4		4		4		4		4		4		4		5		4		4		5		3		4		4		4		4		4		3		5

		311		0.609704699600115		0.313240354880691		0.523910713847727		0.506791327614337		4		4		1		5		4		1		4		1		2		2		2		2		2		2		2		2		2		2		2		2

		312		0.80117137124762		0.0552925502415746		0.091116052120924		0.79978358373046		4		1		4		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		313		0.0487288234289736		0.0966181720141321		0.109621485928074		0.699994746595621		3		3		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		314		0.446414605248719		0.367088904604316		0.102097839117050		0.356787134427577		1		4		1		1		1		2		1		1		1		2		2		2		2		1		2		3		2		2		2		2

		315		0.771298012929037		0.853049180936068		0.976222262484953		0.113392702536657		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		316		0.99321260373108		0.478291770676151		0.496866883942857		0.242161843460053		1		1		1		5		2		5		1		1		1		2		1		2		2		2		2		2		2		2		5		2

		317		0.843494101427495		0.506645857356489		0.612248990219086		0.168715643230826		1		5		5		5		5		5		2		5		5		5		5		5		1		2		2		2		2		5		2		2

		318		0.886662990087643		0.552258969983086		0.935480625601485		0.101368759060279		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		5		5

		319		0.0308847734704614		0.860073474003002		0.872377845924348		0.22884859633632		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3

		320		0.325109631987289		0.849018240813166		0.876705746166408		0.820072151022032		4		4		4		4		4		4		4		4		4		3		3		5		3		3		3		5		5		3		3		3

		321		0.524078591959551		0.628627475351095		0.291414133505896		0.676286948379129		4		1		4		4		1		4		4		1		1		1		1		1		3		3		1		3		3		3		3		1

		322		0.99603971466422		0.0367616901639849		0.653941150056198		0.269821730675176		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		323		0.202818973455578		0.626076532527804		0.288512522587553		0.510128525551409		4		3		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		324		0.91853540041484		0.388054167386144		0.122509175678715		0.0518141139764339		1		1		1		1		1		1		1		1		2		1		2		2		1		2		1		2		2		2		2		2

		325		0.920938706491143		0.97194903017953		0.321192796574906		0.994140533963218		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		326		0.0753424938302487		0.789742077933624		0.0903127312194556		0.099998292978853		1		1		1		1		1		5		5		1		5		5		1		3		3		3		5		5		3		3		3		1

		327		0.542269529541954		0.488209414295852		0.95742664905265		0.660522163147107		4		4		4		4		4		4		4		4		4		4		4		4		3		4		3		4		4		3		3		2

		328		0.690557944122702		0.971880111377686		0.138741093222052		0.973550452617928		1		1		1		1		1		1		1		1		1		1		1		1		3		1		1		1		1		1		1		1

		329		0.161840637680143		0.90050221257843		0.191981066484004		0.0345168244093657		5		5		5		5		5		5		5		5		5		5		5		5		5		5		1		5		5		5		5		5

		330		0.770230570808053		0.899891352979466		0.506899898406118		0.598916332470253		1		1		1		1		5		1		1		1		1		1		1		5		1		1		1		5		1		1		1		1

		331		0.0679672614205629		0.846340931952		0.0542181599885225		0.0287701573688537		5		1		1		1		1		1		1		1		5		5		1		5		1		1		1		1		1		3		1		5

		332		0.864722302183509		0.547078352188691		0.273441082797945		0.235275809420273		1		1		1		1		1		1		1		1		1		1		1		1		1		2		2		2		1		1		2		1

		333		0.621220002649352		0.0282053737901151		0.125962944235653		0.769138988573104		4		3		1		1		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		334		0.754508434562013		0.347640327876434		0.407312072813511		0.0876649711281061		1		1		5		1		5		5		5		1		2		2		2		5		2		2		2		2		2		2		2		2

		335		0.216664538253099		0.835223897593096		0.937941318377852		0.303576858947054		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		336		0.927848116029054		0.707670854171738		0.953088521026075		0.0672108894214034		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		337		0.907732951454818		0.570436564041302		0.916731090983376		0.460616766475141		4		4		4		5		5		4		4		5		4		5		2		5		5		2		5		2		2		2		2		2

		338		0.657870650058612		0.291683078976348		0.851314174477011		0.265608932590112		5		4		4		4		5		4		5		2		5		5		5		5		2		2		5		2		2		2		2		2

		339		0.737407625420019		0.110416542040184		0.913998178904876		0.52487011696212		4		4		4		4		4		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2

		340		0.355823748279363		0.771194322034717		0.788807507837191		0.0254707371350378		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		341		0.173736026510596		0.962431764230132		0.822889421135187		0.440531346714124		4		4		4		5		5		4		5		5		5		5		5		5		5		5		5		5		5		3		5		3

		342		0.294409260153770		0.414196502882987		0.69829883147031		0.264215046074241		4		4		5		5		4		3		5		4		5		5		5		5		5		3		5		3		5		3		2		3

		343		0.685387325007468		0.0700870277360082		0.560451578348875		0.728657857514918		4		4		4		4		4		2		4		2		4		2		2		2		2		2		2		2		2		2		2		2

		344		0.595202812226489		0.676806575385854		0.266700147651136		0.446195915574208		1		1		5		1		1		1		1		1		1		1		1		5		1		1		1		1		1		1		1		2

		345		0.00355066964402795		0.57969271321781		0.740595948183909		0.80513523845002		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3

		346		0.229128407547250		0.871491204947233		0.524426683550701		0.393800822785124		4		5		5		5		1		5		5		5		5		5		5		5		5		5		5		3		3		3		3		3

		347		0.492395161883906		0.171776656759903		0.236126408912241		0.465598624898121		4		2		4		4		2		1		2		2		2		4		3		2		3		2		2		2		2		3		2		2

		348		0.679237389471382		0.685497006867081		0.158014317974448		0.162568730302155		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		349		0.820534663973376		0.682146174600348		0.259742940543219		0.958200983470306		4		1		1		4		1		1		1		4		1		1		1		1		1		1		1		3		1		1		2		3

		350		0.87664616946131		0.084339615656063		0.813205308746547		0.852260349085554		4		4		4		4		4		4		4		2		4		4		2		2		2		2		2		2		2		2		2		2

		351		0.157191850710660		0.420654974645004		0.577488004928455		0.548304493073374		4		4		4		4		4		3		3		3		5		4		3		3		3		3		3		3		3		3		3		3

		352		0.980388197349384		0.155421459581703		0.321841603610665		0.803095754003152		1		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		353		0.735977516509593		0.492240838240832		0.154094893485308		0.0219642270822078		1		1		1		1		1		1		1		1		1		1		5		1		1		1		1		1		1		2		2		2

		354		0.411498734727502		0.230651013553143		0.551402896409854		0.985990251414478		4		4		4		4		4		4		4		4		4		3		4		3		2		3		3		3		3		3		3		3

		355		0.393965817755088		0.78632868733257		0.913872470613569		0.968355956021696		4		4		4		4		4		4		3		4		4		3		4		3		4		3		4		3		3		3		3		3

		356		0.302814411697909		0.252857041778043		0.442083223024383		0.207612948259339		4		5		5		5		5		5		3		3		5		2		5		3		2		2		3		2		2		3		2		3

		357		0.924005867680535		0.188247925601900		0.637097003404051		0.69187478441745		4		2		4		4		4		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		358		0.129430519184098		0.655948417959735		0.828493890119717		0.44702438195236		4		4		5		5		4		5		4		5		5		5		5		5		5		3		3		3		3		3		3		5

		359		0.958555362187326		0.541625523008406		0.996556796366349		0.400367333553731		4		4		4		5		5		5		4		4		5		4		5		2		2		2		5		5		2		5		2		2

		360		0.215524055296555		0.466835276922211		0.447786029893905		0.420124330092221		4		4		4		4		4		5		5		5		3		3		3		4		3		3		3		3		3		3		3		3

		361		0.0297652806621045		0.0909405087586492		0.924216606421396		0.73066592682153		4		4		4		4		4		4		4		3		3		4		3		3		3		3		4		3		3		3		3		3

		362		0.900472639594227		0.937562226550654		0.135840400354937		0.299243119545281		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		363		0.425013222498819		0.983268690062687		0.231644263491035		0.752316953381523		4		1		4		1		1		4		3		1		4		1		1		1		1		1		1		3		1		3		3		1

		364		0.51434488594532		0.632617129711434		0.365550296846777		0.262454395415261		5		5		1		5		1		1		2		5		1		1		1		3		5		5		5		1		5		2		5		5

		365		0.282747303135693		0.727451442275196		0.188056700164452		0.0923236345406622		1		5		1		1		5		1		5		5		5		1		1		1		1		1		3		5		1		3		5		5

		366		0.66070355521515		0.938151315087453		0.658665889175609		0.075471804710105		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		1

		367		0.236506384098902		0.83758565154858		0.346587011357769		0.267569741001353		5		5		5		5		5		5		1		5		3		5		5		1		5		5		3		1		1		1		3		3

		368		0.897482046391815		0.958558707963675		0.743045230163261		0.625993552384898		4		4		4		4		4		1		1		1		5		5		5		1		5		1		1		1		1		5		5		1

		369		0.37934030382894		0.440297975204885		0.722319602500647		0.598533567041159		4		4		4		4		4		4		4		4		3		4		4		3		3		3		3		3		3		3		2		3

		370		0.584065221017227		0.966824478469789		0.0309658083133399		0.968619340099394		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		371		0.155065169325098		0.990937417605892		0.378618000308052		0.285924714058638		1		5		1		5		5		5		1		1		1		5		5		5		5		5		5		1		5		5		5		3

		372		0.579816406359896		0.656782798934728		0.294174318434671		0.980533295776695		4		4		4		1		4		1		1		1		3		1		4		1		3		2		3		3		3		3		3		3

		373		0.130356897832826		0.240149975754321		0.911781536182389		0.692147710360587		4		4		4		4		4		3		4		4		4		4		4		4		3		3		3		3		3		3		3		3

		374		0.830174963455647		0.742479662876576		0.552793516078964		0.458539875224233		1		1		1		4		5		4		1		1		1		1		1		1		1		2		1		5		1		1		2		1

		375		0.430879544932395		0.436929670860991		0.886947094462812		0.77112196944654		4		4		4		4		4		4		4		4		4		4		3		4		2		3		4		3		3		3		2		3

		376		0.8392134886235		0.591215783497319		0.468989687506109		0.647600249620155		4		1		4		4		4		4		1		4		1		1		1		1		2		2		1		2		2		2		2		2

		377		0.56556512019597		0.923378740204498		0.146923030726612		0.486001213081181		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		378		0.222113079624251		0.520746947731823		0.684161192504689		0.189997372683138		5		4		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		3

		379		0.965650058817118		0.455870864214376		0.789342163829133		0.609618775546551		4		4		4		4		4		4		2		2		4		4		5		2		2		2		2		2		2		2		2		2

		380		0.745861621340737		0.361820248421282		0.0154592422768474		0.902003054739907		1		1		4		1		1		1		1		2		1		1		1		2		1		1		2		1		1		2		2		2

		381		0.101182533660904		0.982220638077706		0.377700388431549		0.189711163984612		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		5		5		3

		382		0.844849612796679		0.981541071785614		0.289332926040515		0.384208472445607		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		383		0.126481781713665		0.169264121679589		0.27259390312247		0.192948597483337		1		4		4		4		3		5		3		2		3		3		2		2		3		3		3		3		3		3		2		3

		384		0.814389971783385		0.0306863656733185		0.348133798222989		0.424864038359374		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		385		0.582224500365555		0.744237527949736		0.670121060684323		0.140203430550173		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		386		0.529694003984332		0.362891114316881		0.0190860058646649		0.448079853551462		1		1		1		1		1		1		1		2		1		2		1		2		1		2		1		3		2		3		2		3

		387		0.714739104034379		0.105981857981533		0.538867245428264		0.34264984796755		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		388		0.277682260144502		0.63208271889016		0.309571906691417		0.445400609867647		4		4		4		5		4		3		1		1		3		3		5		1		5		3		3		2		3		3		3		5

		389		0.819864699384198		0.975946908583865		0.596077835187316		0.403913466259837		1		5		5		5		1		5		5		1		1		5		5		1		5		1		5		5		1		5		5		1

		390		0.938282347051427		0.832871732767671		0.153058371506631		0.30565167684108		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		391		0.00290609477087855		0.866522691911086		0.0913068775553256		0.957715701078996		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		392		0.207419155398384		0.915602240944281		0.333163568750024		0.653706206241623		4		4		3		1		3		3		3		1		3		3		3		3		3		3		3		3		3		3		3		3

		393		0.156166059430689		0.0960552135948092		0.814367898972705		0.109877758426592		5		5		4		4		5		5		5		5		4		5		5		5		2		2		5		3		2		3		3		3

		394		0.783043079311028		0.194910047575831		0.927479238482192		0.00955259101465344		5		5		5		5		5		2		5		2		5		5		2		2		5		2		2		2		5		2		2		2

		395		0.576153732836246		0.270417773164809		0.933192341122776		0.408521935110912		4		4		4		4		5		5		4		4		4		2		2		4		2		2		2		2		3		2		2		2

		396		0.171119873877615		0.513509871670976		0.962901199702173		0.650319704553112		4		4		4		4		4		4		4		4		4		4		4		3		3		3		5		3		3		3		3		3

		397		0.467756330734119		0.134088404010981		0.771899826126173		0.535524140112102		4		4		4		4		2		4		4		4		2		4		2		2		4		2		2		2		2		3		3		2

		398		0.569081003544852		0.656067212345079		0.844425536924973		0.767842916306108		4		4		4		4		4		4		4		4		4		4		3		4		4		5		3		5		2		5		3		3

		399		0.96493177069351		0.995526593411341		0.372035940876231		0.712160700233653		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		400		0.867290773428977		0.946918941102922		0.630249347770587		0.524435840547085		4		4		1		5		1		5		1		1		5		1		1		1		1		1		1		1		1		1		1		1

		401		0.744573641568422		0.424559042556211		0.379090078175068		0.231571240350604		1		5		1		2		1		1		5		1		1		1		2		1		2		2		2		2		2		2		2		2

		402		0.474608824355528		0.596541573293507		0.644931802991778		0.0732795449439436		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		403		0.321211579721421		0.225919419433922		0.450982021400705		0.952220596838742		4		4		4		4		4		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3

		404		0.863506792811677		0.341811871621758		0.0802133227698505		0.080481531796977		1		1		1		1		1		1		1		1		1		2		1		2		1		2		1		2		1		2		2		1

		405		0.418547043809667		0.115531950257719		0.869177081855014		0.716149023734033		4		4		4		4		4		4		4		4		4		4		4		3		3		2		3		3		3		2		2		2

		406		0.389900629874319		0.648797114845365		0.849561341805384		0.0464040050283074		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		407		0.744592200964689		0.619027635781094		0.351542086107656		0.974050690652803		4		4		4		4		4		1		1		1		1		1		1		1		3		1		4		3		1		1		3		3

		408		0.0252296100370586		0.0217359263915569		0.604484818177298		0.455620105843991		4		4		4		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		409		0.814914231188595		0.0113259295467287		0.510229420149699		0.338665010174736		4		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		410		0.581273252842948		0.406558608869091		0.218873190227896		0.745639325818047		1		4		4		4		3		1		4		2		3		1		2		2		2		1		3		3		3		2		3		3

		411		0.915492080850527		0.222888541640714		0.568591968854889		0.217888047918677		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		412		0.404404587810859		0.400208698352799		0.122668545460328		0.359438776737079		1		1		1		1		1		1		1		2		5		1		1		1		3		1		2		3		1		2		2		2

		413		0.711288708960637		0.84650500700809		0.225115515990183		0.376647857250646		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		414		0.853202764643356		0.66742198402062		0.479991312837228		0.408730536466464		1		4		1		1		1		1		1		1		1		1		5		1		5		1		5		1		1		2		2		1

		415		0.347858858294785		0.5732295664493		0.795244091656059		0.707164461957291		4		4		4		4		4		4		4		4		3		4		4		4		3		4		3		3		3		3		3		3

		416		0.499698877334595		0.477784835733473		0.700899687362835		0.222717719152570		5		4		5		4		5		5		5		5		5		5		5		5		5		5		2		5		5		3		5		5

		417		0.647671049693599		0.191556533332914		0.109096435131505		0.118251616368070		2		1		2		1		1		1		1		2		2		2		2		1		1		2		2		2		2		2		2		2

		418		0.986430269200355		0.595366469817236		0.431155536090955		0.0334807957988232		1		5		5		1		1		1		5		1		5		1		1		1		1		2		1		5		2		1		2		2

		419		0.667172660585493		0.00138422497548163		0.591066462919116		0.618215092457831		4		4		4		4		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2

		420		0.387442847480997		0.265371522400528		0.523331925040111		0.767532820114866		4		4		4		4		4		4		3		3		3		3		3		3		3		3		2		3		3		3		3		3

		421		0.486850760644302		0.721265920903534		0.666420926107094		0.545272786170244		4		4		4		4		4		5		4		1		4		1		5		5		3		3		5		1		3		3		3		3

		422		0.348727691918612		0.667602893197909		0.962347000837326		0.73201174242422		4		4		4		4		4		4		4		4		4		4		4		3		3		3		5		5		3		3		4		3

		423		0.476197789655998		0.753956910222769		0.57566632819362		0.497776026371866		4		4		4		5		1		5		5		1		5		4		5		5		5		3		5		1		3		5		3		3

		424		0.598981106188148		0.532015888020396		0.966913809068501		0.813064109068364		4		4		4		4		4		4		4		4		4		4		4		3		4		4		5		3		3		4		3		3

		425		0.929187957430258		0.820431866217405		0.78582226112485		0.800634643062949		4		4		4		4		4		4		4		5		4		4		4		1		4		1		2		4		1		2		2		1

		426		0.477574516553432		0.226337143452838		0.743799512507394		0.224338361527771		4		4		4		5		4		5		5		5		5		2		5		5		5		2		2		2		3		2		2		2

		427		0.594913233770058		0.818073633126915		0.213563932804391		0.629062099382281		1		1		1		1		1		1		1		1		1		1		3		1		1		1		1		1		1		1		1		1

		428		0.106656549731269		0.124574606772512		0.614645841298625		0.114432853180915		4		5		5		5		5		2		5		2		5		5		2		2		2		5		2		2		2		3		3		3

		429		0.0406451430171728		0.172717107692733		0.997245295438915		0.308955293148756		5		4		4		4		4		5		4		4		5		5		5		3		3		3		2		5		5		3		3		3

		430		0.239220881136134		0.508407566230744		0.39244499639608		0.760432968614623		4		4		4		4		3		4		3		3		3		4		3		3		3		3		3		3		3		3		3		3

		431		0.93985058227554		0.0650346602778882		0.843164942692965		0.206996907945722		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		432		0.174394898116589		0.816491736564785		0.0144889079965651		0.128864899277687		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		433		0.289592885877937		0.493617274798453		0.85555623145774		0.582154015311971		4		4		4		4		4		3		3		4		4		4		4		3		4		3		3		3		3		3		3		3

		434		0.732125191017985		0.588586142519489		0.534721405943856		0.075747286202386		1		1		5		5		1		5		5		1		5		5		5		5		5		2		5		5		1		5		2		5

		435		0.653595408191904		0.992121527669951		0.942063759546727		0.473056658171117		4		4		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		436		0.94631238724105		0.199079481652007		0.760301106143743		0.227691648993641		4		4		5		1		5		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		437		0.298381505766883		0.626325586345047		0.652083311229944		0.586493487004191		4		4		4		4		4		4		4		3		4		3		3		5		3		5		3		2		3		3		3		3

		438		0.857059024972841		0.159219934605062		0.108981385594234		0.425863808020949		1		2		2		2		1		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2

		439		0.181061210110784		0.714506070828065		0.92210375983268		0.8030148698017		4		4		4		4		4		4		4		4		4		3		3		4		3		3		3		3		3		3		3		3

		440		0.424897943157703		0.260442477185279		0.0887983224820346		0.670468973461539		1		4		3		4		4		1		2		2		2		3		2		3		3		1		3		3		3		3		2		3

		441		0.957298268331215		0.911950647365302		0.594735610764474		0.231851984048262		1		1		5		1		5		5		1		5		1		1		1		1		5		5		1		5		1		1		1		5

		442		0.444235328119248		0.871882854262367		0.543043123325333		0.185523099265993		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		443		0.180155706824735		0.642694872571155		0.0861321443226188		0.918085402343422		4		3		1		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		444		0.896474414737895		0.592850556131452		0.766296804184094		0.880089054815471		4		4		4		4		4		4		4		4		4		4		2		4		2		4		2		1		2		2		2		2

		445		0.815521290758625		0.0089306237641722		0.311986194690689		0.00109163881279528		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		446		0.609804156934842		0.511900599580258		0.537553216796368		0.557176085887477		4		4		4		4		4		4		1		4		2		5		2		1		2		2		2		3		2		5		2		2

		447		0.554367286385968		0.231421259930357		0.798476311611012		0.711300329770893		4		4		4		4		4		4		4		4		4		2		4		4		2		2		3		3		2		2		2		2

		448		0.749016044661403		0.98866528016515		0.47549965698272		0.967861521756276		1		1		4		4		1		4		1		4		1		4		4		1		3		1		1		1		1		3		1		3

		449		0.71773089072667		0.846878594951704		0.413225365569815		0.0178223287221044		5		1		1		1		5		5		5		1		5		5		5		5		5		5		5		5		5		5		5		5

		450		0.85067246062681		0.491832493338734		0.596090430160984		0.505541281076148		4		1		4		1		1		1		1		1		4		2		2		2		2		2		1		2		2		2		2		2

		451		0.390157443005592		0.105910609941930		0.921967081492767		0.491565810283646		4		4		4		4		4		4		4		4		4		4		4		2		3		4		2		2		2		2		2		2

		452		0.219288442982361		0.486836334690452		0.88829206652008		0.373033344978467		4		4		4		4		4		4		5		5		4		5		3		4		5		3		5		5		3		3		3		5

		453		0.68786763958633		0.902925992617384		0.679547888226807		0.362942195497453		5		5		1		5		5		5		1		5		5		5		1		5		1		5		1		5		5		5		5		5

		454		0.452612077817321		0.766058274544775		0.432944829575717		0.254561877110973		5		5		5		5		5		5		1		1		1		5		5		5		1		5		5		5		5		5		1		5

		455		0.425725015578791		0.939912528730929		0.230252615874633		0.617917646188289		1		1		1		1		1		1		1		1		1		1		1		1		1		1		5		3		3		3		1		3

		456		0.701063453452662		0.0537618873640895		0.413630024762824		0.632145495386794		4		2		4		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		457		0.404343374306336		0.512263042852283		0.442400438711047		0.626914696069434		4		4		4		4		4		4		4		1		3		2		3		3		3		2		3		3		3		3		3		2

		458		0.458399930968881		0.198750960407779		0.353281118208542		0.359315013047308		4		4		4		1		2		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2

		459		0.79655812191777		0.881864216411486		0.060185581445694		0.663102061487734		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		460		0.505397326312959		0.0797976281028241		0.691067880485207		0.397569794207811		4		4		4		4		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		461		0.51053300476633		0.94292491604574		0.110564093338326		0.213282587472349		1		1		1		1		1		1		1		1		1		1		1		5		1		1		1		1		1		1		1		1

		462		0.348159329500049		0.495753279421479		0.611781149171293		0.85475384653546		4		4		4		4		4		4		3		4		4		4		3		3		3		3		3		3		3		3		3		3

		463		0.387533114058897		0.956941494485363		0.787960337940603		0.789413410006091		4		4		4		4		4		5		5		4		4		4		3		3		3		5		4		3		3		3		3		3

		464		0.252060760511085		0.572239583590999		0.938976808218285		0.517388012958691		4		4		4		5		4		4		4		5		4		5		4		3		3		5		5		3		5		3		3		3

		465		0.625381740741432		0.298176804557443		0.590762228239328		0.278879509074613		4		4		4		5		4		4		2		2		5		4		2		2		2		2		2		2		2		2		2		2

		466		0.812800259329379		0.0904030979145318		0.511039644712582		0.207276853034273		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		467		0.938400484388694		0.260857308516279		0.423793266993016		0.518834994407371		4		4		2		1		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		468		0.516680782195181		0.735192423453555		0.316026371903718		0.64055426698178		1		1		1		4		1		1		4		1		1		1		1		1		1		1		3		1		3		3		2		3

		469		0.718458784976974		0.445827283198014		0.364080449566245		0.69997984636575		4		4		1		4		1		4		2		1		1		2		2		1		1		1		1		3		3		2		2		2

		470		0.58828410319984		0.852510613156483		0.165593705140054		0.270641930866987		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		5		1		1		1		2

		471		0.266916580731049		0.809901944827288		0.850556690944359		0.773602378787473		4		4		4		4		5		4		4		4		4		4		5		4		5		3		3		3		3		3		3		3

		472		0.438778631621972		0.0274803396314383		0.165819641668350		0.900660284329206		4		4		3		4		2		4		2		3		3		3		3		3		2		3		2		3		3		3		2		2

		473		0.184239755151793		0.220671473536640		0.585012644063681		0.182065955596045		5		4		4		4		5		4		5		5		5		3		3		2		5		3		3		3		2		3		2		3

		474		0.405077401548624		0.575259654782712		0.0862201154232025		0.606341700302437		1		1		1		1		1		1		1		1		1		2		1		1		2		3		1		3		3		1		3		3

		475		0.290168703068048		0.212342822225764		0.448393455473706		0.594581915298477		4		4		4		4		4		4		4		2		3		3		3		3		3		3		2		3		3		3		3		2

		476		0.0921233973931521		0.818462607217953		0.0223844253923744		0.120890485588461		5		5		1		1		5		5		1		1		1		5		1		1		3		1		3		3		3		3		3		3

		477		0.599604625953361		0.738535878714174		0.53524324321188		0.729335374431685		4		4		4		4		4		4		1		4		4		1		3		1		1		1		3		3		3		1		1		3

		478		0.265238975407556		0.272325484547764		0.537606890546158		0.208551018033177		5		4		4		5		5		4		5		4		5		4		2		3		4		5		5		2		3		2		2		2

		479		0.0979042367544025		0.69475979777053		0.446682426845655		0.454370365245268		4		5		5		4		4		5		5		1		3		5		5		3		3		3		3		3		3		3		3		3

		480		0.585688368650153		0.845402925275266		0.0828729514032602		0.495417356258258		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		481		0.280971441185102		0.654850740917027		0.22798218508251		0.581587489228696		1		1		4		4		1		1		1		1		1		3		3		3		3		3		3		3		3		3		3		3

		482		0.654458844102919		0.269628951093182		0.327498192200437		0.472303170245141		4		2		1		1		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		483		0.118156066397205		0.703874306520447		0.505060583120212		0.647101587150246		4		4		4		4		4		4		3		5		3		3		3		3		3		3		3		3		3		3		3		3

		484		0.412594964262098		0.748691621236503		0.323569261468947		0.795746526913717		1		4		4		4		1		1		4		1		1		3		3		3		3		1		3		3		3		3		3		3

		485		0.929615195840597		0.562632466899231		0.577227389905602		0.745634187478572		4		4		4		4		4		4		1		4		4		2		1		1		2		2		1		2		2		3		2		2

		486		0.0910315939690918		0.639753027353436		0.102114969165996		0.27185360644944		5		1		1		1		3		3		3		1		3		3		3		3		3		3		1		3		3		1		3		3

		487		0.0252023923676461		0.946198878344148		0.295825933339074		0.0576887968927622		5		5		5		5		5		5		5		5		5		5		5		5		5		3		1		5		5		5		5		5

		488		0.0403537598904222		0.553645132575184		0.157656166935340		0.388002423336729		4		3		1		3		5		3		1		3		3		3		3		3		3		3		3		3		3		3		3		3

		489		0.112546371296048		0.519217362394556		0.0695901638828218		0.807841822504997		4		3		3		3		3		1		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		490		0.553717609029263		0.139361726120114		0.0179476446937770		0.161017062608153		2		1		2		1		1		1		1		1		2		2		1		2		2		2		2		2		2		2		2		2

		491		0.517206446267664		0.396183454664424		0.868190947920084		0.485683209495619		4		4		4		4		4		4		4		5		4		4		5		5		4		4		5		2		2		5		2		2

		492		0.560170605545864		0.329883676255122		0.58532383153215		0.472204102436081		4		4		4		4		4		4		4		4		2		4		5		3		2		2		2		3		2		2		2		2

		493		0.250025090761483		0.158759377431124		0.457781053613871		0.0245936410501599		4		5		5		2		5		5		5		5		2		3		5		5		3		5		2		2		2		2		2		2

		494		0.150713019771501		0.194835892179981		0.0728516143281013		0.765001816675067		3		4		3		3		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		495		0.8680532600265		0.746136505156755		0.520562324672937		0.295585156185552		1		1		1		5		1		1		1		1		1		1		2		1		1		1		1		1		2		1		5		5

		496		0.146623306674883		0.062267686240375		0.805479752831161		0.269601716659963		4		4		4		4		4		5		5		5		4		5		2		5		3		4		3		2		5		3		3		3

		497		0.334535798290744		0.522718280320987		0.099010945763439		0.481778426561505		1		4		1		1		1		4		1		1		1		1		1		3		1		3		3		1		3		3		3		3

		498		0.693992645479739		0.916905275546014		0.624091318342835		0.960850677685812		4		4		4		1		4		1		4		4		4		1		4		1		5		3		1		3		3		3		3		1

		499		0.866379025159404		0.461175604257733		0.249040801776573		0.00691144191659987		1		1		1		1		1		1		1		1		1		1		1		1		2		1		2		2		2		2		2		1

		500		0.238122371723875		0.336649201111868		0.000895955599844456		0.0540506271645427		5		1		1		1		2		1		1		1		1		2		1		5		1		3		1		1		2		2		2		3

		501		0.190262443851680		0.232846247497946		0.638066194253042		0.0166026535443962		4		5		5		4		3		5		5		5		5		5		5		2		5		3		2		2		2		3		2		2

		502		0.784681086428463		0.96038636378944		0.439409569371492		0.980300800641999		4		4		1		4		4		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1

		503		0.0392848928458989		0.822629309957847		0.965694504790008		0.256650183815509		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		504		0.71111885854043		0.599411802133545		0.593715271679685		0.405036339303479		5		4		4		1		4		1		1		4		2		5		5		5		5		5		5		1		1		2		2		2

		505		0.926326408749446		0.827450532931834		0.0939581186976284		0.939655986614525		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		506		0.56895495322533		0.66016271035187		0.052618355024606		0.7086540479213		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1		3		3		1

		507		0.264962133718655		0.8649893773254		0.578379776328802		0.662100121146068		4		5		4		4		4		4		4		5		5		5		3		3		3		3		3		3		5		3		3		3

		508		0.845127168344334		0.591097147203982		0.190153497038409		0.387221461394802		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		2		1		1		2		2

		509		0.612932794028893		0.139014601474628		0.260276610963047		0.548943672794849		1		4		4		4		2		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2

		510		0.5261880250182		0.113906188635156		0.609748733928427		0.533969371812418		4		4		4		4		4		4		2		2		2		4		2		2		2		2		2		3		2		2		2		2

		511		0.562423376366496		0.376011678017676		0.932465996593237		0.842735168524086		4		4		4		4		4		4		4		4		4		4		4		4		4		3		4		2		3		3		2		3

		512		0.243327262811363		0.125239202287048		0.82989870547317		0.26977227255702		4		4		4		4		4		4		4		5		4		5		5		2		5		2		3		2		2		2		2		2

		513		0.553379248827696		0.917839580448344		0.0987902991473675		0.593659680336714		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1		3		1		1		1

		514		0.808481532381848		0.702195557765663		0.858202770585194		0.140688284300268		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		515		0.0712478489149362		0.742770315846428		0.966430561849847		0.191937533905730		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		516		0.82428036420606		0.751347067533061		0.106727697653696		0.936520172748715		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		517		0.799616338917986		0.235846406547353		0.89579322678037		0.558075081789866		4		4		5		4		2		4		4		2		4		4		2		2		2		2		2		2		2		2		2		2

		518		0.235298699000850		0.703626450849697		0.990476386854425		0.8048731808085		4		4		4		4		4		4		3		4		4		4		3		4		3		3		3		3		3		3		3		3

		519		0.6701503128279		0.985708510503173		0.125453990185633		0.449537036009133		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		520		0.953055198537186		0.934355177450925		0.725758997257799		0.861765943933278		1		1		4		1		4		4		4		4		1		4		1		4		1		1		1		1		1		1		1		1

		521		0.154267347184941		0.168269202811643		0.0676356484182179		0.99087982880883		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		522		0.198079568799585		0.349944078130648		0.240078448550776		0.716736505040899		4		4		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		523		0.99483445379883		0.432447794126347		0.121712345164269		0.077059217961505		1		1		1		2		1		1		1		1		2		1		1		1		1		1		2		2		2		2		2		1

		524		0.499191276030615		0.222856321837753		0.665297320811078		0.308080969145522		4		4		4		5		4		2		5		2		5		4		5		2		2		2		2		5		2		2		2		2

		525		0.451138830278069		0.729847058886662		0.117895893752575		0.892260228982195		1		1		3		1		1		1		1		1		1		1		3		3		1		3		1		3		3		3		3		3

		526		0.867292096605524		0.199845127528533		0.660780451493338		0.853046907577664		4		4		4		4		4		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2

		527		0.76778379525058		0.699840822722763		0.399897247785702		0.198417574400082		5		1		5		1		1		1		1		1		5		5		1		5		5		1		1		1		1		5		1		2

		528		0.428858058992773		0.815518571529537		0.471874822163954		0.764394380850717		4		4		4		4		4		1		4		3		1		3		3		3		3		3		3		3		3		3		1		3

		529		0.767052518203855		0.851656365441158		0.243178708944470		0.505621081450954		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3

		530		0.174346708226949		0.389644236536697		0.263111519394442		0.60812193970196		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		531		0.865980084287003		0.709478416480124		0.62655632244423		0.96258094580844		4		4		4		4		4		1		1		1		1		1		1		4		3		4		2		2		4		2		3		2

		532		0.880534176714718		0.402649289462715		0.381070362403989		0.250560424989089		1		1		2		1		5		1		2		2		2		2		1		2		2		2		2		2		2		2		2		2

		533		0.753220517653972		0.0867546952795237		0.736313427332789		0.573105102404952		4		4		4		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		534		0.476280641742051		0.568666434381157		0.138811883516610		0.667263590265065		4		4		1		1		1		1		1		3		3		1		1		1		1		2		3		3		3		3		3		3

		535		0.556948345853016		0.691063485341147		0.376836710842326		0.162271924782544		5		1		1		5		5		5		5		1		1		1		1		1		1		1		5		1		1		2		5		2

		536		0.650884774513543		0.502679779427126		0.161254819016904		0.0140995443798602		1		1		1		1		1		2		1		1		1		1		2		1		1		1		2		2		2		2		1		2

		537		0.0574217708781362		0.081137472530827		0.65281050070189		0.634558263001963		4		4		4		3		3		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		538		0.863045844482258		0.609535404713824		0.152197082061321		0.154503249796107		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1		1

		539		0.891825937665999		0.208855712087825		0.579962030984461		0.402653587050736		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		540		0.608832634752616		0.585397394374013		0.226564208744094		0.708556652069092		1		1		1		1		1		4		1		1		1		1		1		1		1		1		1		1		1		1		2		3

		541		0.858245689421892		0.491474179085344		0.376673162449151		0.770553414244205		4		2		4		1		4		1		1		4		1		1		1		2		2		2		2		2		2		1		2		2

		542		0.145244685700163		0.363959479378536		0.61753235408105		0.876766009721905		4		4		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		543		0.341024832800031		0.726965021342039		0.581885093124583		0.298948383657262		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		544		0.557747737737373		0.261406329460442		0.467086727265269		0.424135991837829		4		4		1		2		2		2		2		4		2		2		1		2		2		2		2		2		2		2		2		2

		545		0.392828868469223		0.782332212198526		0.329397335415706		0.988913743989542		4		4		4		4		4		3		4		3		3		3		1		3		4		3		3		3		3		3		3		3

		546		0.263674509711564		0.364230875624344		0.370828330982476		0.767224838025868		4		4		4		3		4		4		3		4		3		3		3		3		3		3		3		2		3		3		3		3

		547		0.503002441953868		0.764725974295288		0.272805866319686		0.776413640705869		1		4		4		1		1		1		4		1		1		1		3		3		3		1		1		3		3		1		3		2

		548		0.568189741345122		0.210337031399831		0.0650455197319388		0.112541574519128		1		1		1		1		2		2		2		1		2		1		2		1		2		2		2		2		2		2		2		2

		549		0.373693776549771		0.903152396902442		0.94012520625256		0.87691504880786		4		4		4		4		4		4		4		5		4		5		3		5		3		5		5		3		3		3		3		3

		550		0.0763042927719653		0.132913045585155		0.783877457026392		0.688211728353053		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3

		551		0.088734578806907		0.394230451667681		0.952369761886075		0.322443980723619		4		5		5		4		5		4		4		4		5		3		5		5		3		5		3		5		5		3		3		3

		552		0.866654012119398		0.400004950119182		0.447241067886353		0.87607585429214		4		1		4		4		2		4		4		2		4		2		2		2		2		1		2		2		2		2		2		2

		553		0.750567296054214		0.675969586707652		0.500442166812718		0.390364152844995		1		5		4		1		1		1		2		1		5		5		1		1		1		1		2		2		1		1		5		1

		554		0.853332319296896		0.65959731885232		0.904967395355925		0.57494233129546		4		4		4		4		4		4		4		4		5		5		4		5		2		5		2		2		5		2		5		5

		555		0.0431367575656623		0.0070697907358408		0.319569967919961		0.808907675091177		4		4		3		3		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		556		0.704200360691175		0.0972952113952488		0.210817756829783		0.750304742017761		4		4		4		4		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		557		0.0716137087438256		0.113159624394029		0.543797490885481		0.116156641161069		4		3		4		4		5		5		2		2		3		5		2		2		3		3		2		5		3		2		3		3

		558		0.132575540337712		0.650423072045669		0.964410977903754		0.123667692532763		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		559		0.114154863869771		0.0739306728355587		0.941855379613116		0.608783582691103		4		4		4		4		4		4		3		3		4		4		3		3		3		3		3		3		3		3		3		3

		560		0.331283293198794		0.539447134593502		0.662880362011492		0.609656827058643		4		4		4		4		4		4		4		5		5		4		3		4		3		3		3		3		3		3		3		3

		561		0.778630031971261		0.209253748413175		0.64814772340469		0.191602042177692		4		2		4		2		2		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2

		562		0.565122994361445		0.266175450989977		0.269889811519533		0.5343650537543		4		4		4		1		1		1		2		2		1		2		2		2		2		2		2		3		3		2		2		2

		563		0.939296673052013		0.586950305616483		0.615426708944142		0.418822579085827		1		4		1		1		1		1		1		5		1		2		5		1		5		2		5		1		1		2		2		2

		564		0.906174310715869		0.531720526283607		0.541868641972542		0.9560558127705		4		4		4		4		1		4		4		4		1		4		1		2		2		2		4		2		2		2		2		2

		565		0.173381938831881		0.325879904441535		0.334223811281845		0.579316413961351		4		4		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		566		0.37989895651117		0.470712756505236		0.460706710582599		0.422270653769374		4		4		5		4		5		2		5		1		3		3		3		4		2		3		5		2		2		2		2		2

		567		0.753111710306257		0.521344027481973		0.224304273026064		0.446902062743902		1		1		1		1		1		2		1		1		1		1		1		1		2		1		1		1		2		1		2		2

		568		0.656899446388707		0.590236594667658		0.167802637442946		0.371190985199064		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1		2

		569		0.647627430269495		0.976633997401223		0.962219933746383		0.554274030029774		5		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3

		570		0.784117994364351		0.349297934211791		0.093342244392261		0.654399666469544		1		1		1		1		1		1		2		1		1		1		1		2		2		2		2		2		1		2		2		2

		571		0.56320587801747		0.247439846163616		0.795963937649503		0.481097927084193		4		4		4		4		4		4		4		4		4		5		2		2		2		2		2		2		2		2		2		2

		572		0.499488944420591		0.914145634509623		0.870858098613098		0.620571105042472		5		4		4		4		4		5		5		5		5		5		4		5		5		5		3		5		5		3		5		3

		573		0.493139530997723		0.241420186823234		0.850462224334478		0.338830877793953		4		4		4		4		5		4		2		5		4		2		5		3		5		2		2		2		2		2		2		2

		574		0.615820559440181		0.522351873340085		0.853863665368408		0.715489651076496		4		4		4		4		4		4		4		4		4		4		4		4		4		3		2		3		2		4		2		2

		575		0.998083349550143		0.331476248800755		0.517755389446393		0.496240166015923		4		2		4		2		2		2		2		2		1		2		2		2		2		2		2		2		2		2		2		2

		576		0.304064791416749		0.505659925518557		0.725886784726754		0.304957550484687		5		5		4		4		3		5		5		5		5		5		5		5		5		5		5		5		5		3		3		5

		577		0.605248112464324		0.9495333742816		0.527970848837867		0.803547272458673		4		4		4		1		4		4		1		4		4		1		3		1		1		3		3		1		1		3		3		3

		578		0.301299548475072		0.433057610411197		0.0411189198493958		0.737625123700127		1		4		3		1		4		1		1		1		1		3		3		3		3		3		3		3		2		3		3		3

		579		0.259219307918102		0.905662094941363		0.208981211064383		0.840378498658538		1		4		1		4		3		4		1		3		3		3		3		3		3		1		3		3		3		3		3		3

		580		0.653601084602997		0.525606888113543		0.00973800709471107		0.0676209738012403		1		1		1		1		1		1		1		1		1		1		2		1		1		1		2		1		1		1		1		2

		581		0.344686251599342		0.235560289351270		0.962755817687139		0.887988696806133		4		4		4		4		4		4		4		4		3		4		4		4		4		4		3		3		3		3		3		3

		582		0.179452219512314		0.119478073669598		0.696549512678757		0.0472779031842947		5		4		5		5		2		5		5		5		5		5		5		5		5		5		2		2		2		3		3		2

		583		0.534907691180706		0.346724168863147		0.0533240609802306		0.50777256838046		1		1		1		1		1		1		1		1		1		1		2		1		1		1		1		2		1		3		3		2

		584		0.631198724964634		0.557126880856231		0.0353620566893369		0.700019892537966		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		3		1		1		2

		585		0.543521160492674		0.473034296417609		0.420228634960949		0.430690260604024		4		5		1		4		1		5		5		1		2		3		1		5		2		2		2		5		3		2		2		2

		586		0.55827305233106		0.375659467186779		0.431103396462277		0.0294642541557550		5		5		5		5		5		5		5		5		5		5		5		2		2		2		5		2		2		2		2		2

		587		0.795612817397341		0.707797273527831		0.220212687971070		0.285990028642118		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1		1

		588		0.250611928291619		0.459787131752819		0.46243479126133		0.546319969696924		4		3		4		4		4		3		4		3		3		3		4		3		3		3		3		3		3		3		3		2

		589		0.55132065853104		0.289623064454645		0.133508419850841		0.266660585533828		1		1		2		2		1		2		1		1		2		2		2		2		1		3		2		2		2		2		2		2

		590		0.316594311967492		0.490359559422359		0.917773996246979		0.466470767976716		4		4		4		4		5		5		4		5		5		5		5		5		5		4		3		5		3		3		5		5

		591		0.421200348064303		0.22241074196063		0.958012948045507		0.789622052805498		4		4		4		4		4		4		4		4		2		4		4		4		4		3		2		3		3		3		2		2

		592		0.92257785378024		0.0361312555614859		0.176945605315268		0.0212568468414247		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		593		0.171845100587234		0.564982775365934		0.152452439535409		0.755963670089841		3		4		3		3		1		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		594		0.270128170028329		0.113549449946731		0.461686552735046		0.632095471955836		4		4		4		4		4		3		2		3		3		3		3		3		3		3		3		3		3		2		3		3

		595		0.189881623256952		0.901994219748303		0.121104777324945		0.0307153740432113		1		1		1		5		1		5		5		1		5		1		1		5		5		5		5		5		1		3		1		1

		596		0.62494500959292		0.608752214116976		0.412418530555442		0.947303873021156		4		4		4		4		4		1		4		4		4		4		2		4		3		3		2		3		3		3		2		3

		597		0.753519312478602		0.174659019801766		0.994790866738185		0.868557298090309		4		4		4		4		4		4		4		4		4		4		2		2		4		2		2		2		2		2		2		2

		598		0.753322902135551		0.121653757058084		0.495351229794323		0.198095263913274		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		599		0.667119750753045		0.0301796891726553		0.605285618454218		0.189801258966327		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		600		0.887559760827571		0.47395915677771		0.321517895674333		0.826270336518064		4		4		4		1		1		4		1		2		1		1		1		1		2		2		2		2		2		1		2		2

		601		0.777762330370024		0.0364300601650029		0.766818322474137		0.172408244106919		4		2		4		2		4		2		2		2		2		2		2		2		5		2		2		2		2		2		2		2

		602		0.327635939465836		0.880866232793778		0.230482670012861		0.33263675798662		1		4		5		1		5		1		1		5		1		1		1		1		5		1		3		5		5		1		5		3

		603		0.533846205566078		0.424303689738736		0.536817882210016		0.497143651125953		4		4		4		5		4		5		4		4		5		4		3		3		4		2		2		2		2		2		1		3

		604		0.381926570786163		0.332939674379304		0.661822147201747		0.238161752698943		4		4		5		4		5		4		5		5		2		5		5		5		2		5		5		3		2		2		2		5

		605		0.238226874731481		0.87323781917803		0.888478742679581		0.541747468756512		5		4		5		5		5		5		4		4		5		5		3		5		5		5		5		5		3		3		5		3

		606		0.49145495519042		0.935566653497517		0.039991247234866		0.743866391247138		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1		1		1		3

		607		0.119022746337578		0.940182173624635		0.339261270361021		0.802729384973645		3		3		4		4		4		4		4		4		1		3		3		3		3		3		3		3		3		3		3		3

		608		0.306729629170150		0.322503946721554		0.576119059696794		0.806257699849084		4		4		4		4		4		3		4		4		3		3		3		3		3		3		3		3		3		3		3		3

		609		0.0348958291579038		0.456886363914236		0.305030200397596		0.873667786130682		4		4		4		3		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		610		0.279571607243270		0.188482706667855		0.119526713853702		0.331877608317882		1		4		1		2		1		1		1		3		3		2		2		2		2		3		2		2		3		2		3		2

		611		0.258674891898409		0.443477833410725		0.261357568204403		0.465247957734391		4		4		4		5		3		1		1		1		4		5		3		3		3		3		3		3		3		3		3		3

		612		0.452570770634338		0.63980027101934		0.282599729020149		0.577418245375156		4		4		1		1		1		4		3		1		4		1		1		2		1		3		3		3		1		3		3		3

		613		0.812086697900668		0.0487243018578738		0.824539009481668		0.403072524815798		4		2		2		2		2		4		2		2		4		2		2		2		2		2		2		2		2		2		2		2

		614		0.168166442308575		0.740067054983228		0.620294477092102		0.252260589273646		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		5

		615		0.428664463106543		0.0190405556932092		0.623407364822924		0.617113801185042		4		4		4		4		2		4		4		4		2		2		2		2		2		3		3		2		3		2		2		2

		616		0.390159278642386		0.0485408678650856		0.653166718082502		0.614826859906316		4		4		4		4		4		3		4		4		2		2		4		2		2		3		3		2		2		3		3		2

		617		0.119155436055735		0.644814113387838		0.697743985569105		0.624032900901511		4		4		4		4		4		3		3		4		3		4		3		3		3		3		4		3		3		3		3		3

		618		0.755037758499384		0.928655452094972		0.854404180077836		0.837739928159863		4		4		4		4		4		4		4		4		4		4		4		4		1		4		3		3		4		3		3		3

		619		0.442553536267951		0.195980813121423		0.8716249614954		0.672244895016775		4		4		4		4		4		4		4		4		4		4		2		3		3		3		2		3		3		2		3		2

		620		0.214121693279594		0.952982402872294		0.200994749087840		0.927438722224906		4		1		3		1		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		621		0.411567776696756		0.463258494623005		0.742126943310723		0.174960371106863		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		5

		622		0.952122846385464		0.217608595034108		0.196579116396606		0.501934937667102		4		1		1		2		1		2		1		2		1		2		2		2		2		2		2		2		2		2		2		2

		623		0.663989290595055		0.694647822994739		0.452879501739517		0.97695540683344		4		4		4		4		4		1		4		4		4		1		1		4		4		1		3		3		2		3		3		3

		624		0.881914623314515		0.730118165491149		0.369540673913434		0.0525345515925437		1		1		5		1		1		1		5		1		1		1		1		1		1		1		1		2		1		1		1		2

		625		0.56764053623192		0.772369302809238		0.108115992741659		0.59335570782423		1		1		1		1		1		1		1		1		1		1		1		3		1		1		1		1		1		1		1		1

		626		0.378704078029841		0.190163180232048		0.338147092144936		0.739748041611165		4		4		4		4		4		3		4		3		3		2		2		3		2		3		2		3		2		3		3		2

		627		0.120478240773082		0.501555981580168		0.401302891550586		0.709013872779906		4		4		4		3		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		628		0.934288167161867		0.641366756986827		0.646691462956369		0.944569998886436		4		4		4		4		4		4		4		4		4		4		1		1		1		2		1		1		3		2		2		2

		629		0.981588096590713		0.406229271786287		0.93122301157564		0.165783587610349		4		4		5		5		5		5		5		5		5		2		2		2		5		5		2		2		2		5		2		2

		630		0.881526932120323		0.187177209183574		0.72145597054623		0.28034387039952		4		4		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		631		0.888131596148014		0.722101996419951		0.823388462420553		0.29699509893544		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		2		2		5

		632		0.309616269776598		0.88929388858378		0.389622796094045		0.672431695507839		4		4		1		4		4		1		5		4		1		1		1		3		3		3		3		3		3		3		3		3

		633		0.689026516163722		0.359413277823478		0.770540576893836		0.413023035507649		4		4		4		4		4		4		4		2		4		2		4		2		2		2		2		2		2		2		2		2

		634		0.792286830721423		0.780045481165871		0.0438715838827193		0.375921138096601		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		635		0.924682399025187		0.893049342092127		0.375857621431351		0.266527248546481		1		1		1		1		1		1		1		1		5		1		1		1		1		1		1		1		1		1		1		1

		636		0.252093699527904		0.114055503858253		0.531453310279176		0.667174291796982		4		4		4		4		4		3		4		3		3		3		3		3		2		3		2		3		3		3		3		3

		637		0.766557531198487		0.500679776305333		0.499853737186641		0.0545291374437511		5		1		1		5		5		5		2		2		5		1		2		5		5		5		2		5		2		2		2		2

		638		0.0439403923228383		0.215428204741329		0.612768380204216		0.410884076263756		4		4		4		4		4		3		3		4		5		5		3		3		3		3		3		3		3		3		3		3

		639		0.00988348666578531		0.239290515659377		0.954350208630785		0.604604041203856		4		4		4		4		4		4		3		3		4		3		4		3		3		3		3		3		3		3		3		3

		640		0.128610277315602		0.82003703317605		0.921681832987815		0.290937728714198		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		641		0.84135475102812		0.902920330874622		0.0387295752298087		0.632727363146842		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		642		0.650103565072641		0.00484029203653336		0.737431734800339		0.881560712587088		4		4		4		4		4		2		2		2		3		4		2		4		2		2		3		2		2		2		2		2

		643		0.790128763997927		0.634931387612596		0.532479375135154		0.56979250186123		4		1		1		1		4		1		1		1		1		5		1		1		4		1		2		1		1		2		2		2

		644		0.0736223924905062		0.88314061332494		0.908627257449552		0.127776867011562		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		645		0.735345829511061		0.689714838983491		0.75068706041202		0.378582367440686		4		4		4		5		5		4		5		1		5		4		5		5		5		5		5		5		1		1		2		2

		646		0.464061686536297		0.506451651453972		0.914501511957496		0.889132036129013		4		4		4		4		4		4		4		4		4		4		4		4		4		3		3		4		3		3		3		3

		647		0.0696914808358997		0.159862218191847		0.248070562724024		0.352677851216868		4		3		4		3		4		2		2		3		3		3		3		3		2		3		3		3		3		3		3		3

		648		0.220496816094965		0.809408029541373		0.278940288582817		0.344760488951579		1		1		1		1		1		1		5		1		3		5		1		1		3		1		3		1		3		3		3		3

		649		0.189545732457191		0.452594069298357		0.575632004067302		0.0931496862322092		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		5		5		5		5

		650		0.244699990143999		0.0874775210395455		0.723512658616528		0.937246994348243		4		4		4		4		3		4		4		4		4		3		3		3		3		4		3		3		3		3		3		2

		651		0.916803808650002		0.0289026410318911		0.948658533161506		0.81362155964598		4		4		4		4		4		4		4		4		2		4		2		2		2		2		2		2		2		2		2		2

		652		0.378651631064713		0.086026072036475		0.390890536364168		0.457154044648632		4		2		4		2		4		2		2		2		2		2		2		2		2		2		2		3		2		3		2		2

		653		0.53138473816216		0.699632045114413		0.449405977269635		0.385156229371205		5		5		1		1		5		5		5		1		5		1		5		1		5		5		5		5		1		3		5		1

		654		0.128979911562055		0.466393427923322		0.168304726481438		0.987817578017712		4		3		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		655		0.332711498485878		0.679028134327382		0.805496344808489		0.738294929964468		4		4		4		4		4		4		3		4		4		3		4		4		3		3		3		3		3		3		3		3

		656		0.228605916490778		0.221281118690968		0.662513035349548		0.344952319283038		4		4		4		5		5		4		5		5		2		4		3		2		4		2		5		3		3		3		2		3

		657		0.440789744490758		0.545299844816327		0.4046526607126		0.417398117715493		4		4		5		4		1		1		4		3		2		1		2		3		3		3		3		2		3		3		3		3

		658		0.378061110852286		0.890591739211231		0.720844106981531		0.88590600900352		4		4		4		4		4		4		4		4		4		4		3		3		3		4		3		3		3		3		3		3

		659		0.118540141033009		0.667809158330783		0.345341251464561		0.763618279714137		4		4		4		4		3		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		660		0.716478873975575		0.224711794639006		0.158987689763308		0.00453976867720485		1		2		5		1		1		2		2		2		1		1		1		2		2		2		2		2		2		1		2		2

		661		0.311949389055371		0.51303785876371		0.663622937863693		0.163796846754849		5		5		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		3		5		5

		662		0.70596035476774		0.827250530477613		0.132063650060445		0.977870906470343		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1

		663		0.469586750026792		0.734821660909802		0.61867921683006		0.391831979155540		4		4		4		4		5		4		5		5		5		5		1		5		3		5		5		5		3		5		5		5

		664		0.0370075257960707		0.881425944622606		0.836609856691211		0.134245718363672		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		665		0.114235702669248		0.49933134787716		0.0228225938044488		0.299755397951230		3		1		1		1		1		1		1		3		3		1		3		3		3		3		3		3		3		3		3		3

		666		0.00176588329486549		0.106889997841790		0.537788921734318		0.716109719127417		4		4		3		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		667		0.90997753245756		0.58405944542028		0.358305767178535		0.518904104828835		1		1		1		1		1		1		1		1		1		2		1		1		2		1		2		2		2		2		1		1

		668		0.127060473663732		0.0975045103114098		0.739245312754065		0.5096482753288		4		4		4		4		4		3		4		4		3		4		3		3		3		3		3		3		2		2		3		3

		669		0.825843719067052		0.204471791861579		0.794651683652773		0.709193586139008		4		4		4		4		4		2		2		4		4		2		2		2		2		2		2		2		2		2		2		2

		670		0.365535764023662		0.930425446946174		0.98801905917935		0.150694960029796		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		671		0.387419800041243		0.427765261614695		0.529316217172891		0.991230739979073		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3

		672		0.995078107109293		0.84561676508747		0.674499370157719		0.371687814127654		1		5		1		1		5		1		1		1		5		1		5		5		5		5		5		2		5		5		1		5

		673		0.405687157763168		0.321844221558422		0.389191080117598		0.865629122126848		4		4		4		4		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		674		0.76836197101511		0.0658874546643347		0.292193483328447		0.397718640975654		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		675		0.907142222626135		0.959769594483078		0.510616417974234		0.0913336304947734		1		5		1		5		1		5		5		5		5		1		1		1		1		5		5		5		1		1		5		1

		676		0.66399280494079		0.634652828099206		0.138491685269400		0.849339148495346		1		1		1		1		1		1		1		4		1		1		1		1		1		1		1		1		1		3		1		3

		677		0.427921304712072		0.913199914619327		0.146681166952476		0.446873878594488		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		5		1		1

		678		0.92499187309295		0.200015955371782		0.426532364683226		0.287150277057663		1		1		2		1		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		679		0.965405042748898		0.931025410071015		0.339821758680046		0.751283641671762		1		1		1		1		1		1		1		1		1		1		1		4		1		1		1		1		1		1		1		1

		680		0.0453871029894799		0.467553705442697		0.429521491518244		0.125150930602103		5		5		5		5		5		5		5		5		5		3		3		5		5		5		5		3		3		3		3		3

		681		0.48315964685753		0.722620407352224		0.68543867720291		0.992310955189168		4		4		4		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3

		682		0.809718086617067		0.319054491585121		0.662210699636489		0.58866281947121		4		4		4		4		2		4		2		2		4		2		2		2		2		2		2		2		2		2		2		2

		683		0.308359670219943		0.0490309551823884		0.224914768477902		0.745089752832428		4		3		4		2		4		4		2		3		3		2		2		3		3		3		3		2		3		3		2		3

		684		0.839517299085855		0.856389264808968		0.999674777965993		0.0681973649188876		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		685		0.0999856130219996		0.806119587272406		0.495148506015539		0.548522230004892		4		5		4		5		4		3		4		3		3		5		3		5		3		3		3		3		3		3		3		3

		686		0.300112813012674		0.232659569708630		0.371079348959029		0.1233642520383		4		5		5		4		2		5		5		5		2		2		5		3		3		2		3		2		2		2		2		2

		687		0.751332816202193		0.0760728868190199		0.945521767251194		0.181775613687932		2		4		2		4		4		5		5		2		2		2		2		2		2		2		2		2		2		2		2		2

		688		0.446447786176577		0.806441901018843		0.153613325208426		0.576626464026049		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		1		1		1		3		3

		689		0.855210551060736		0.438659860752523		0.892962542595342		0.541512991767377		4		4		4		4		4		5		4		2		4		5		2		4		2		2		2		2		2		2		2		2

		690		0.923677719663829		0.734963271068409		0.285325022647157		0.256853016791865		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2

		691		0.319960236316547		0.0287037850357592		0.0465423993300647		0.672539766645059		4		3		1		3		3		2		3		3		1		2		2		3		3		3		3		2		2		3		3		2

		692		0.0810111141763628		0.619970722822472		0.62562416610308		0.317063549533486		4		4		4		4		5		3		3		5		5		5		3		5		5		5		3		3		3		5		5		3

		693		0.478218341711909		0.515144278760999		0.6220966828987		0.0347220359835774		5		5		5		5		5		5		5		5		5		5		5		5		5		2		5		2		2		5		5		2

		694		0.847048987168819		0.607976427068934		0.260551279643551		0.795714867766947		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		2		2		2

		695		0.458983349148184		0.0184711387846619		0.231440941570327		0.697638595476747		4		4		4		2		2		2		4		2		2		2		3		2		2		2		2		2		2		2		2		3

		696		0.701601005392149		0.915854990016669		0.485209409147501		0.0441299693193287		5		5		5		5		5		5		5		1		5		5		5		1		5		5		5		5		5		5		5		5

		697		0.314345587510616		0.619161588372663		0.220685946755111		0.432715954724699		4		1		1		1		1		1		1		3		1		1		1		1		1		1		3		1		3		3		3		3

		698		0.528773645171896		0.0919347370509058		0.428361927624792		0.419445938896388		4		4		2		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		3		2

		699		0.361757341772318		0.272115187719464		0.280054366448894		0.300845999736339		4		1		4		1		1		1		2		1		2		3		2		2		2		2		2		2		2		2		2		2

		700		0.148412204347551		0.899942493531853		0.671820130199194		0.015487375902012		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		701		0.888130729086697		0.909351493464783		0.678523941431195		0.247891723643988		1		5		5		5		5		5		5		5		1		5		5		1		5		5		5		5		1		5		1		5

		702		0.00560467410832644		0.0231475653126836		0.288597625913098		0.449609809322283		4		3		3		3		3		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		703		0.419441373785958		0.656645469833165		0.714817266678438		0.60898398887366		4		4		4		4		4		4		4		4		4		5		3		3		3		3		2		3		3		5		3		3

		704		0.140858924714848		0.833919792901725		0.0638624446000904		0.153554201358929		5		1		1		5		1		1		1		5		5		1		1		1		1		1		5		3		1		5		3		3

		705		0.327568070963025		0.943070120643824		0.356868127593771		0.665140024386346		1		4		4		4		1		1		3		1		3		3		1		3		3		3		1		3		3		3		3		3

		706		0.552714361576363		0.869861587649211		0.0586264731828123		0.742872022092342		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		707		0.563231312204152		0.130388552555814		0.623995469184592		0.163470508996397		4		4		5		2		5		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		708		0.138120088027790		0.623251020442694		0.0877336510457098		0.577823459869251		1		1		4		1		1		3		3		3		1		3		3		3		3		3		3		3		3		3		3		3

		709		0.406892845639959		0.099484420614317		0.297813130542636		0.566717214882374		4		4		4		4		2		4		2		2		2		2		2		2		2		2		2		2		3		2		3		2

		710		0.148202835116535		0.85008393181488		0.107689854456112		0.0871293579693884		1		1		1		1		5		1		1		5		1		5		5		5		5		1		3		1		1		1		5		1

		711		0.75767667638138		0.100989068858325		0.46178315859288		0.723028825130314		4		4		4		2		4		4		2		2		4		2		4		2		2		2		2		2		2		2		2		2

		712		0.0453977936413139		0.732657682616264		0.0270664973650128		0.122097255894914		1		1		5		1		1		3		1		1		3		5		1		1		5		3		1		1		3		3		3		1

		713		0.528046862222254		0.571566799422726		0.739363991189748		0.920748845906928		4		4		4		4		4		4		4		4		4		4		3		4		3		3		3		3		3		3		3		3

		714		0.25613507325761		0.918975645210594		0.560651638312265		0.230714864796028		5		5		5		5		4		5		5		5		5		5		5		5		5		5		5		5		1		5		5		1

		715		0.212522330693901		0.899574945913628		0.683977728011087		0.865160481771454		4		4		4		4		4		4		4		4		5		3		3		3		3		3		3		3		3		3		3		3

		716		0.0941508819814771		0.592611725674942		0.814092945074663		0.756176596041769		4		4		4		4		3		4		4		4		3		3		4		3		3		3		3		3		3		3		3		3

		717		0.369724179850891		0.104843825334683		0.458767215022817		0.499217822682112		4		2		4		4		2		2		4		3		2		2		4		3		2		2		2		2		2		2		2		3

		718		0.524003180908039		0.660995229845867		0.142079803394154		0.127272346289828		1		1		1		1		1		1		1		5		1		1		5		1		1		1		1		1		1		5		1		1

		719		0.866986253065988		0.772682700771838		0.951771974563599		0.966557455947623		4		4		4		4		4		4		4		4		4		4		4		4		2		1		4		4		3		4		3		2

		720		0.648696731077507		0.274977859575301		0.645651549566537		0.828075679484755		4		4		4		4		4		4		4		4		4		2		2		2		2		2		3		3		2		2		2		2

		721		0.272217157762498		0.391547314357013		0.743699555750936		0.326773778535426		4		5		4		4		5		5		4		5		5		5		4		4		2		3		5		3		2		2		3		3

		722		0.707531723892316		0.563099410384893		0.795906668296084		0.0162810324691236		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		5		2		2

		723		0.935156730236486		0.741133265430108		0.862618202809244		0.978444473817945		4		4		4		4		4		4		4		4		4		4		4		4		4		2		2		2		2		2		1		4

		724		0.711577225942165		0.93689553719014		0.120163680054247		0.469342284603044		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		725		0.360524071846157		0.725817917846143		0.353352448437363		0.839988201390952		4		4		4		4		1		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3

		726		0.0759531252551824		0.298810562584549		0.834060010500252		0.914117195177823		4		4		4		4		4		3		4		4		3		4		4		4		3		3		3		3		3		3		3		3

		727		0.88014616863802		0.74399903905578		0.180469959275797		0.0985519865062088		1		1		1		1		1		1		1		1		1		1		5		1		1		1		1		2		1		1		1		2

		728		0.70949206314981		0.903327109990641		0.232428740942851		0.317229045787826		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1		1

		729		0.823527900502086		0.993612605147064		0.320543475681916		0.766630762023851		1		1		1		1		1		1		4		1		1		1		1		1		1		1		1		1		1		1		1		1

		730		0.523978465702385		0.921536710578948		0.920128955505788		0.370089046424255		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		731		0.0983433781657368		0.705685303313658		0.437191300326958		0.351260333089158		4		4		4		5		3		3		3		5		5		5		5		5		5		3		3		5		3		3		3		5

		732		0.722841613227502		0.928557889303192		0.255642016651109		0.130856491858140		1		1		5		1		1		1		1		1		1		1		1		1		1		1		1		1		1		5		1		5

		733		0.996987103950232		0.173855497036129		0.538132210029289		0.340257026953623		2		1		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		734		0.335771242855117		0.137274276930839		0.717033647932112		0.882268997607753		4		4		4		4		4		4		4		4		4		4		3		4		3		3		3		3		3		2		3		3

		735		0.535885473014787		0.605702194850892		0.155194705119357		0.300417582737282		1		1		1		1		1		1		1		5		1		1		1		1		1		1		3		1		1		1		2		1

		736		0.762520958669484		0.886328779859468		0.820442486088723		0.217464525951073		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		737		0.456588456872851		0.935306170256808		0.119011007249355		0.795407049823552		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		3

		738		0.549063090467826		0.397010092390701		0.147852586582303		0.451108022592962		1		1		2		1		1		1		1		1		1		1		2		2		2		3		2		2		1		3		2		2

		739		0.109500462189317		0.554206666303799		0.145208702655509		0.840827607549727		4		4		3		4		3		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		740		0.523325363174081		0.585085784783587		0.617795597063377		0.194318586261943		5		4		5		5		5		5		5		5		1		5		5		5		2		5		2		5		5		2		5		2

		741		0.263008939800784		0.659244550159201		0.547645283164456		0.973459945060313		4		4		4		3		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		742		0.0123495359439403		0.0690303288865834		0.946873326785862		0.253739234991372		5		4		4		4		4		4		5		4		5		3		4		2		4		3		3		3		3		3		3		3

		743		0.331066356273368		0.955763658042997		0.436429603723809		0.237110005225986		5		5		1		5		5		5		5		5		5		5		5		5		5		5		5		5		1		1		5		5

		744		0.232271312037483		0.519681813428178		0.914756166515872		0.332454590126872		4		4		5		5		4		5		5		5		5		5		4		5		5		5		5		5		5		5		3		5

		745		0.372589685721323		0.189521420747042		0.887810833053663		0.736891633830965		4		4		4		4		4		4		4		4		4		4		3		4		3		3		2		4		2		3		2		3

		746		0.928959840210155		0.508943757275119		0.838366848416626		0.55732545745559		4		4		4		4		4		4		4		4		4		5		2		2		2		4		2		2		2		2		2		2

		747		0.620893909828737		0.237622171174735		0.789153910940513		0.951410690322518		4		4		4		4		4		4		4		4		4		4		2		4		2		4		2		4		3		2		2		3

		748		0.0699669416062534		0.437616756884381		0.702063085045666		0.996400848962367		4		4		4		4		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		749		0.155218278057873		0.167779342969880		0.982326937606558		0.135343124391511		4		4		4		4		5		5		5		5		4		5		5		5		3		5		5		5		5		3		5		2

		750		0.599173867609352		0.81590561545454		0.211137118283659		0.656902818009257		1		1		4		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		3		3

		751		0.841473361942917		0.191921411780640		0.244434860534966		0.728667106479406		4		1		2		1		4		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		752		0.55003602639772		0.870361656183377		0.850656936876476		0.655351800611243		4		5		4		4		4		4		4		4		4		4		4		5		5		5		5		5		5		5		3		3

		753		0.73680523573421		0.0210122533608228		0.642248465679586		0.565100661711767		4		4		4		2		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		754		0.894074745243415		0.827638249611482		0.552739096339792		0.936123172054067		1		1		4		1		4		1		1		4		4		4		1		4		1		1		1		1		1		1		3		1

		755		0.732713736128062		0.596386686898768		0.93058096175082		0.426416844129562		4		4		4		4		4		5		4		5		4		5		5		5		5		5		5		5		2		5		2		2

		756		0.774193240329623		0.256185790989548		0.758290050318465		0.349597156280652		4		4		4		5		1		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		757		0.471830323105678		0.586260185809806		0.204096803208813		0.944723425898701		4		4		4		1		1		1		4		1		1		1		1		3		3		1		3		1		3		3		3		3

		758		0.350767281837761		0.152944565052167		0.753144734771922		0.671423454536125		4		4		4		4		2		4		3		3		4		4		4		2		3		4		2		2		3		2		3		3

		759		0.508592416532338		0.508335697697476		0.335653902264312		0.691486712312326		4		1		4		4		1		1		1		4		2		1		2		3		1		3		3		3		2		3		2		2

		760		0.94334782822989		0.883345358539373		0.328785233199596		0.64357921644114		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		761		0.843461412470788		0.608859773958102		0.787538959877566		0.548887862591073		4		5		5		5		4		4		4		5		5		5		4		5		2		4		2		2		2		2		2		2

		762		0.344255242263898		0.539524478139356		0.413368058623746		0.446367591852322		4		4		4		4		5		4		4		5		4		5		5		3		3		3		3		3		2		3		3		3

		763		0.550716312136501		0.230752759613097		0.759440562222153		0.82339180028066		4		4		4		4		4		4		4		4		4		4		4		2		2		2		2		2		2		2		3		3

		764		0.210307587869465		0.917472327128053		0.99073909665458		0.469169959891587		5		4		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3

		765		0.88835213566199		0.85282242926769		0.545293306000531		0.44841953413561		1		1		1		5		1		5		1		5		1		1		1		1		1		5		2		1		2		1		1		2

		766		0.336737661156803		0.715492852265015		0.317070594057441		0.188849076861516		1		5		5		5		1		5		1		1		5		1		5		5		1		5		1		5		2		1		2		5

		767		0.581110270926729		0.169002376031131		0.894523129565641		0.95343289989978		4		4		4		4		4		4		4		4		4		4		4		4		4		4		3		2		3		3		2		2

		768		0.223811504663900		0.94849729258567		0.271331055322662		0.155755116604269		5		5		1		5		5		5		1		5		5		5		5		5		1		5		5		5		5		5		3		3

		769		0.7870962691959		0.103420324157923		0.595605183159932		0.781788750551641		4		4		2		4		4		4		4		2		2		4		2		2		2		2		2		2		2		2		2		2

		770		0.0609901894349605		0.95159687125124		0.0977395840454847		0.0750770431477576		5		1		5		5		5		5		5		5		5		5		5		1		1		5		1		3		5		1		3		5

		771		0.586877953261137		0.214089376386255		0.264097382081673		0.0265344993676990		5		1		5		2		2		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2

		772		0.761839863844216		0.893477710196748		0.240834339056164		0.012090886477381		1		1		1		1		1		5		1		1		1		1		1		1		5		1		1		1		1		1		1		5

		773		0.486783477943391		0.369203775189817		0.51060968847014		0.53877321863547		4		4		4		4		4		3		2		4		4		1		3		3		2		2		3		2		3		2		3		3

		774		0.988720385124907		0.498676722869277		0.446350130485371		0.271190288243815		1		1		1		1		1		1		2		2		2		2		2		1		2		1		2		2		2		2		2		2

		775		0.80350815388374		0.273653946584091		0.133050419855863		0.252543781884015		1		2		1		1		1		2		1		1		2		2		1		2		2		2		2		2		2		2		2		2

		776		0.165695253061131		0.713899964699522		0.911198928020895		0.128716700477526		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		777		0.331422760384157		0.0875829081051052		0.0479006757959723		0.0167780504561961		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		3		2

		778		0.163752104155719		0.97293212194927		0.736495264107361		0.339032772928476		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3

		779		0.140078742755577		0.220566536067054		0.84931098180823		0.269032367737964		5		4		5		5		5		4		4		5		3		5		5		3		5		3		3		5		5		3		3		3

		780		0.96615364216268		0.577659115195274		0.739967440254986		0.891079459805042		4		4		4		4		4		4		4		4		4		4		2		4		2		2		4		2		2		2		2		2

		781		0.938695681281388		0.725862571736798		0.88057362055406		0.0543336302507669		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		782		0.308404219336808		0.986750747077167		0.538551432080567		0.262558956397697		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		5

		783		0.307021487504244		0.147134836995974		0.830758102471009		0.109538875985891		5		5		4		4		4		2		5		5		5		2		5		2		5		5		5		5		2		2		2		2

		784		0.611528792884201		0.264539676252753		0.288027140311897		0.237891380209476		1		5		2		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		785		0.0771894929930568		0.302552360575646		0.622360075358301		0.525696258060634		4		4		4		4		3		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		786		0.804042386589572		0.584298772504553		0.789404306327924		0.218106546904892		5		5		5		5		5		4		5		5		5		2		5		2		5		2		2		5		5		5		2		2

		787		0.214003385044634		0.312165184179321		0.208191460464150		0.53908121585846		4		4		4		4		3		3		3		3		3		2		3		3		3		3		3		3		3		3		3		3

		788		0.360656647011638		0.27285912563093		0.609530538087711		0.490406928118318		4		4		4		4		4		4		4		4		3		2		3		2		2		3		3		3		2		2		3		3

		789		0.814310592366382		0.120290357619524		0.371826378395781		0.244985586730763		2		4		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		790		0.0222396147437394		0.155855605611578		0.739795305067673		0.503638468682766		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		791		0.446425919421017		0.857661933405325		0.538727690000087		0.243094735313207		5		1		5		5		5		5		5		5		5		5		5		5		1		5		5		5		5		3		5		5

		792		0.0335218061227351		0.52774431463331		0.222184343729168		0.709250448737293		4		3		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		793		0.851164016639814		0.223711580503732		0.996861461084336		0.357576589565724		4		4		4		4		4		4		5		2		2		5		2		2		4		2		2		2		2		2		2		2

		794		0.657696086680517		0.507001022342592		0.886862413492054		0.0457833271939307		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		795		0.852874965872616		0.400467127328739		0.413587943417951		0.757714496692643		4		1		4		4		1		1		1		2		2		2		3		2		2		2		2		2		2		2		2		3

		796		0.159416836919263		0.229208924109116		0.0549239439424127		0.167244786163792		5		4		1		1		1		1		2		3		3		2		2		2		3		3		2		3		3		3		2		3

		797		0.0944414269179106		0.955415623029694		0.809118200093508		0.410908130463213		4		5		5		5		5		4		5		5		5		5		5		3		5		5		5		3		5		5		5		3

		798		0.977623384678736		0.157921137753874		0.300794517388567		0.0516762449406087		2		2		1		2		2		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2

		799		0.980219330405816		0.655326415318996		0.7733037781436		0.488694174913689		5		4		5		5		5		4		5		2		4		1		4		2		2		2		2		1		1		2		2		2

		800		0.848513548029587		0.0350549852009863		0.248771317536011		0.208734451560304		2		2		2		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		801		0.34683735226281		0.537979027954862		0.194462972693145		0.380258560180664		1		1		1		1		1		4		1		1		2		3		1		3		1		1		3		3		2		3		1		3

		802		0.93093663919717		0.906082115834579		0.61904526525177		0.50332593661733		4		5		5		1		1		1		1		1		1		5		1		1		1		1		5		1		5		1		5		1

		803		0.462563685839996		0.625769345089793		0.477265747496858		0.521647826768458		4		4		1		5		4		1		5		1		5		3		1		5		5		1		2		3		3		3		3		3

		804		0.902372542070225		0.274445884628221		0.0439759024884552		0.365637781796977		1		1		1		1		2		2		2		1		1		2		1		2		1		2		2		2		1		2		2		2

		805		0.992915282258764		0.798673996469006		0.292528804158792		0.7737832441926		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		806		0.271458612987772		0.629103169078007		0.193973386427388		0.316386761842296		1		1		5		5		1		1		1		5		5		1		3		1		1		3		1		1		3		3		3		3

		807		0.251806586049497		0.759197242092341		0.925052870064974		0.603462870232761		4		4		4		4		5		5		4		5		5		4		5		3		5		5		3		5		3		3		3		3

		808		0.887145559303463		0.0756117990240455		0.844389483099803		0.988018898991868		4		4		4		4		4		4		4		4		4		4		2		2		2		2		2		2		2		2		2		2

		809		0.4444864327088		0.868437831988558		0.760324293980375		0.65669711609371		4		4		4		4		4		5		4		5		5		4		3		3		4		5		5		5		3		1		5		5

		810		0.90747204539366		0.00739938602782786		0.743973083794117		0.216918646590784		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		811		0.306319029536098		0.283052908489481		0.882147155934945		0.754291752586141		4		4		4		4		4		4		4		4		4		4		4		4		4		3		3		3		3		3		3		2

		812		0.0571925900876522		0.980517376679927		0.0727564366534352		0.821962816407904		3		4		3		3		1		3		1		3		3		3		3		3		3		3		3		3		3		3		3		3

		813		0.105246180435643		0.0857033368665725		0.857401204295456		0.0423767876345664		4		5		4		5		5		4		5		5		5		5		5		5		5		5		5		2		2		5		5		3

		814		0.368081540800631		0.582883160794154		0.564102568663657		0.609633632237092		4		4		4		5		4		4		4		4		4		3		3		4		3		3		3		3		3		3		3		3

		815		0.500011924654245		0.536737523972988		0.425497335847467		0.799589488655329		4		4		4		4		4		4		4		4		1		3		3		3		1		2		3		3		3		3		3		3

		816		0.493722851155326		0.282197334105149		0.64516338170506		0.51875747833401		4		5		4		4		4		4		4		4		4		4		2		2		2		2		2		2		2		2		3		3

		817		0.919126699212939		0.58595508756116		0.521170066203922		0.0465540806762874		5		5		5		5		5		1		5		2		2		1		1		5		5		2		2		5		5		2		2		5

		818		0.473204600391909		0.684078234713525		0.888611421221867		0.738936457317322		4		4		4		4		5		4		4		4		5		4		4		4		3		4		5		3		3		3		3		3

		819		0.983428781852126		0.602158412570134		0.456841111648828		0.738748023752123		4		1		4		1		1		1		1		1		2		1		1		1		1		1		2		1		2		2		2		2

		820		0.209762662183493		0.481325089232996		0.977969803614542		0.128858790500090		5		5		5		5		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		821		0.346140621462837		0.721886510262266		0.978941606823355		0.669970633694902		4		4		4		4		5		4		4		4		4		4		5		3		4		3		5		3		3		3		3		3

		822		0.6353112263605		0.997394937323406		0.739552008919418		0.956355493050069		4		4		4		4		4		4		1		4		1		4		3		4		4		3		3		3		3		3		3		3

		823		0.636639204109088		0.191374075831845		0.0709942502435297		0.788942734710872		4		1		2		1		1		4		1		1		2		2		2		3		2		3		2		2		2		2		2		3

		824		0.776077864458784		0.528999178204685		0.255806896369904		0.32695594150573		1		1		1		1		1		1		1		1		1		1		2		1		1		1		2		2		1		2		2		2

		825		0.655344896949828		0.578518765047193		0.412210260052234		0.404253292363137		1		1		1		1		4		1		1		1		2		1		1		1		2		5		2		1		1		1		2		3

		826		0.474685189779848		0.252678669290617		0.361470272531733		0.079476244514808		5		5		5		5		5		2		1		2		2		5		2		1		2		2		2		2		2		2		2		2

		827		0.360222731018439		0.171289581339806		0.948435581289232		0.630596223752946		4		4		4		4		4		4		4		4		4		2		4		2		2		2		3		3		3		3		3		3

		828		0.142634887248278		0.49077213392593		0.936098652891815		0.903609129833058		4		4		4		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3

		829		0.49153856979683		0.278510818490759		0.969628165476024		0.529912718571723		4		4		4		4		4		4		4		4		4		4		2		2		3		4		2		4		2		2		2		3

		830		0.574406148400158		0.97100397059694		0.482095700222999		0.68144220393151		4		4		4		1		4		1		1		1		1		1		3		5		1		3		1		1		1		1		1		3

		831		0.453437950229272		0.500370415858924		0.374925273703411		0.292905055219308		4		1		1		1		5		1		5		5		1		5		5		5		5		2		2		5		5		2		3		3

		832		0.134106518933550		0.815950106596574		0.96689124032855		0.0213934299536049		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		833		0.969260744052008		0.270476780831814		0.947666953317821		0.792324807262048		4		4		4		4		4		4		4		4		4		4		4		2		2		2		2		2		2		2		2		2

		834		0.357371387071908		0.570781583664939		0.200428125681356		0.312757059000432		1		1		1		1		1		1		1		5		1		1		1		3		1		1		1		5		3		3		5		3

		835		0.659840257605538		0.0645243264734745		0.765464394818991		0.404419863130897		4		4		4		4		4		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2

		836		0.638787439092994		0.118190157227218		0.564712980762124		0.737607883289456		4		4		4		4		4		2		2		4		4		2		3		2		2		2		2		2		2		2		2		2

		837		0.880000040866435		0.725225492846221		0.0901529390830547		0.558123468887061		1		1		1		1		1		1		1		1		2		1		1		1		1		1		1		1		1		1		2		1

		838		0.517452903790399		0.565435831900686		0.938179235206917		0.699396011652425		4		4		4		4		4		4		4		4		5		4		4		4		3		5		5		3		3		5		3		3

		839		0.183751515811309		0.274107441306114		0.956442898372188		0.567317580571398		4		4		4		4		4		4		4		4		4		4		3		3		3		3		5		3		3		3		3		3

		840		0.615623627556488		0.666208234382793		0.236223455751315		0.120926574338228		1		1		1		5		1		1		1		1		1		1		5		1		1		1		1		1		1		5		2		2

		841		0.774294256232679		0.193106441758573		0.465123147005215		0.157845900394022		1		1		2		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		842		0.669285239418969		0.580477326409891		0.434776797192171		0.0503861242905259		1		5		1		5		5		5		5		5		5		5		5		1		1		2		5		5		5		2		1		5

		843		0.419739001896232		0.480258682742715		0.0548307653516531		0.669083818560466		1		1		1		1		1		4		3		3		1		2		1		1		1		3		3		3		3		3		3		3

		844		0.757170972181484		0.107021557167172		0.0122207447420806		0.402273640269414		2		1		1		2		1		1		2		2		1		2		2		2		2		2		2		2		2		2		2		2

		845		0.179460075916722		0.845411590766162		0.987338029546663		0.0511600023601204		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		846		0.328705588821322		0.853006442310289		0.794555690372363		0.535312171792611		5		4		4		4		5		5		4		5		5		5		5		5		5		5		5		3		3		5		3		5

		847		0.877585266949609		0.75021961517632		0.440713704796508		0.776803164044395		4		1		1		1		1		1		1		1		1		1		1		1		1		2		1		1		3		1		2		1

		848		0.0347225717268884		0.959066140232608		0.66640532342717		0.656606415519491		4		5		5		4		5		4		3		5		5		3		5		3		3		3		3		3		3		3		3		3

		849		0.823229294735938		0.613025282509625		0.119138469919562		0.957259932067245		4		1		1		1		1		1		1		2		1		1		3		1		1		1		1		1		1		2		1		1

		850		0.510986705776304		0.370372160337865		0.0544729875400662		0.308585449587554		1		1		1		2		1		1		1		1		1		1		2		1		2		1		1		1		1		2		2		2

		851		0.764198817079887		0.750075408723205		0.800350193399936		0.318221895955503		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		5		5		5		5		5

		852		0.254448397317901		0.0295387743972242		0.907119922339916		0.371177967404947		4		4		4		4		4		4		4		4		5		4		3		2		2		2		2		2		3		2		2		2

		853		0.659279819345102		0.556068608071655		0.591082795523107		0.0776198741514236		5		5		5		1		5		5		5		5		5		5		5		5		5		5		5		2		5		5		2		2

		854		0.393922307761386		0.422661933349445		0.761641540564597		0.672242432599887		4		4		4		4		4		4		4		4		4		4		3		3		4		4		4		3		3		3		3		3

		855		0.82889080257155		0.169434960233048		0.673527491046116		0.330373198958114		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		856		0.00503991916775703		0.841445740545169		0.080206650076434		0.309416699688882		1		5		1		1		5		1		1		1		1		3		1		5		1		3		1		3		3		3		3		3

		857		0.407969433814287		0.126487137516961		0.142236911458895		0.714442840777338		4		4		4		3		2		4		2		2		3		3		3		2		3		2		3		2		3		2		3		2

		858		0.606908818939701		0.693282029824331		0.660177130717784		0.743302725022659		4		4		4		4		4		4		4		4		5		4		4		5		3		3		1		3		3		3		2		3

		859		0.912615191424266		0.152053423458710		0.721681599272415		0.535231588641182		4		4		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		860		0.338550982763991		0.223919524112716		0.499034219188616		0.491379907587543		4		4		4		4		4		3		4		3		4		3		3		2		2		2		3		3		3		3		2		3

		861		0.4313536407426		0.179319030605257		0.878044123761356		0.853441151790321		4		4		4		4		4		4		4		4		4		3		4		4		4		3		3		2		3		3		3		3

		862		0.331339003751054		0.285533418413252		0.58861320419237		0.473342631943524		4		4		4		4		4		4		3		4		3		3		4		3		2		3		2		2		3		3		3		3

		863		0.237469706917182		0.0988980119582266		0.796368312789127		0.972049226751551		4		4		4		4		4		4		4		4		4		3		4		3		4		3		3		3		3		3		3		3

		864		0.889251930173486		0.697923633968458		0.833998259156942		0.109544650884345		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		5		5		2		5

		865		0.254298650193959		0.412502218270674		0.123733080690727		0.910489524248987		4		4		4		4		1		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		866		0.0523637784644961		0.623936179326847		0.0941205872222781		0.549104187637568		1		1		1		1		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		867		0.0083171664737165		0.173093299614266		0.178111581131816		0.00516068958677351		5		5		1		3		5		3		2		3		3		5		2		3		3		2		3		3		2		3		3		3

		868		0.659402778604999		0.504217165987939		0.350032080663368		0.987189911771566		1		4		4		4		4		3		4		4		4		3		1		2		3		1		3		3		1		3		2		3

		869		0.933396033244208		0.120003747520968		0.0848081985022873		0.225302022881806		2		1		1		2		2		1		2		1		2		2		2		2		2		2		2		2		2		2		2		2

		870		0.157240466447547		0.00190808391198516		0.837656824151054		0.40064746979624		4		4		4		4		4		4		4		2		4		2		4		3		3		3		3		3		3		3		2		2

		871		0.535287596751004		0.327253866009414		0.0576265165582299		0.935158313484862		4		1		1		4		3		1		1		3		3		1		1		2		3		3		3		3		3		2		3		3

		872		0.786135687027127		0.555120246484876		0.9532989426516		0.931486490182579		4		4		4		4		4		4		4		4		4		4		2		4		4		4		4		4		2		2		3		3

		873		0.186821670504287		0.499146897112951		0.37377911969088		0.0909211162943393		5		5		1		5		5		5		5		5		3		5		5		5		3		5		3		5		5		2		3		3

		874		0.989137281430885		0.539671602426097		0.0241471403278410		0.399583325255662		1		1		1		1		1		1		1		1		1		1		1		1		2		1		1		1		1		1		2		2

		875		0.632792928488925		0.356266123941168		0.743811261374503		0.662838673917577		4		4		4		4		4		4		4		4		4		2		2		4		2		2		2		2		3		3		2		2

		876		0.167760929791257		0.332608537049964		0.288460046285763		0.179946878226474		4		5		5		5		1		5		5		5		5		5		2		2		3		3		2		3		3		1		3		3

		877		0.158881470328197		0.700599580770358		0.52703433460556		0.295514729106799		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		3		5		3		3

		878		0.883935206802562		0.999945728341118		0.766579882940277		0.794188877567649		4		4		4		1		4		4		4		1		1		1		1		1		1		1		1		1		5		1		5		5

		879		0.565643785987049		0.875339732738212		0.481524349888787		0.653948712628335		1		1		1		1		5		1		1		1		1		1		5		4		1		1		1		1		1		3		1		2

		880		0.701353029580787		0.321302942698821		0.598169475095347		0.481063040904701		4		4		4		4		4		4		1		4		2		2		2		2		2		2		2		3		2		2		2		2

		881		0.129326565423980		0.59969943203032		0.358135272283107		0.161179289221764		5		5		5		5		5		5		5		5		5		5		5		5		3		5		3		5		1		3		3		5

		882		0.170930968597531		0.355524033075199		0.49605111964047		0.677906278753653		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		883		0.00339588476344943		0.378420275403187		0.848869398236275		0.575950687052682		4		4		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3

		884		0.292396563803777		0.292282080510631		0.159616381861269		0.517176756169647		4		4		1		1		3		4		3		3		3		3		3		2		3		3		3		3		3		3		2		3

		885		0.991538206348196		0.539055729284883		0.718363569583744		0.330195778282359		4		5		5		5		5		1		5		1		2		2		2		2		2		2		2		2		2		5		2		2

		886		0.705510295927525		0.795035637915134		0.622310986043885		0.224530023988336		5		5		5		5		5		5		5		5		5		5		5		5		5		5		1		5		5		5		1		5

		887		0.136546600842848		0.892716390779242		0.97924899077043		0.431047781137750		4		5		5		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		5

		888		0.00970795447938144		0.217558258911595		0.596841655438766		0.446249381173402		4		4		4		4		4		3		4		3		3		4		3		3		3		3		3		3		3		3		3		3

		889		0.810110015561804		0.0477129474747926		0.359120643697679		0.557970179244876		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		890		0.915121108526364		0.387140682432801		0.0764862787909806		0.978392819873989		4		4		1		1		1		1		1		1		2		1		1		1		2		2		2		1		1		1		2		2

		891		0.922471263678744		0.06092195562087		0.0568778349552304		0.421335103688762		2		2		1		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		892		0.730050986865535		0.291881817858666		0.803732511820272		0.594981279456988		4		4		4		4		4		4		3		4		4		4		2		2		2		2		2		2		2		2		2		2

		893		0.156481584999710		0.851029708515853		0.636261194013059		0.694260651478544		4		4		4		4		4		4		4		4		3		5		3		3		3		3		3		3		3		3		3		3

		894		0.169015003135428		0.331880049547181		0.458830980584025		0.0449564564041793		4		5		5		5		5		5		5		5		5		5		5		5		5		3		3		3		5		2		5		2

		895		0.975673320470378		0.700458801817149		0.156633649254218		0.452252280898392		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1

		896		0.794683274812996		0.880723217269406		0.481675789225847		0.488860277691856		1		1		1		5		1		5		1		5		1		1		1		1		1		1		5		1		1		1		1		1

		897		0.0776352686807513		0.697213183622807		0.728393214987591		0.554995520273224		4		4		4		4		4		4		4		5		4		3		5		3		3		3		5		3		3		3		3		3

		898		0.714462970383465		0.0318979404401034		0.829127439530566		0.0130406222306192		5		2		5		2		2		5		5		2		2		2		2		2		2		2		2		2		2		2		2		2

		899		0.571364754810929		0.904850808205083		0.828605255577713		0.603129331255332		4		4		5		4		4		5		4		4		4		5		5		4		5		4		5		5		5		5		5		3

		900		0.912705000955611		0.280593274161220		0.892939644865692		0.0250123802106827		5		4		4		5		4		5		5		5		5		2		2		5		2		5		5		5		2		2		2		2

		901		0.00494202133268118		0.890321783255786		0.234237212920561		0.983617333928123		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		902		0.766679316060618		0.0479655838571489		0.0277632023207843		0.562855071388185		1		1		2		1		1		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		903		0.225256911246106		0.78039824240841		0.541640082607046		0.491169092711061		5		4		5		5		4		5		5		4		5		1		1		5		3		5		3		3		3		3		3		3

		904		0.281166062923148		0.522189921000972		0.645990094635636		0.0396057686302811		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		2

		905		0.0996846565976739		0.0999495617579669		0.0176903491374105		0.804961778456345		3		3		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		906		0.922813677228987		0.963106348412111		0.912692041834816		0.459263036027551		4		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		907		0.165860760957003		0.77608534693718		0.862771978601813		0.85734906536527		4		4		4		4		4		4		4		3		4		4		3		3		5		3		3		3		3		3		3		3

		908		0.762078660074621		0.583698498317972		0.784086530795321		0.744150526355952		4		4		4		4		4		4		2		4		4		2		4		4		2		4		3		3		2		3		2		2

		909		0.0237933762837201		0.0304299700073898		0.108972486341372		0.209770814748481		2		3		4		3		3		3		2		3		3		3		2		3		3		3		3		3		3		3		3		3

		910		0.627345777582377		0.0421612933278084		0.95413269335404		0.211875044973567		4		4		4		4		4		4		5		2		2		2		2		2		2		2		2		2		2		2		2		2

		911		0.717520285630599		0.411517864791676		0.556653581559658		0.84394111763686		4		4		4		4		4		4		4		4		4		4		3		2		2		3		2		2		2		2		2		2

		912		0.0452063488774002		0.878022060496733		0.96643212880008		0.186957505531609		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		913		0.963728968752548		0.610092350747436		0.0561633482575417		0.247680756263435		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1		1		1

		914		0.898189448518679		0.218785604462028		0.409571116557345		0.224360465770587		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		915		0.920942490687594		0.395197891630232		0.607372655067593		0.445769036188722		4		4		2		4		2		4		1		2		2		2		1		2		2		2		2		2		2		2		2		2

		916		0.163311067735776		0.0179912317544222		0.915708677610382		0.961822635959834		4		4		4		4		4		4		3		4		3		4		3		3		3		3		3		3		3		3		3		3

		917		0.107389035867527		0.340851022861898		0.301356662763283		0.812326873419806		4		4		4		4		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		918		0.627539214445278		0.737770379986614		0.775597105035558		0.149620814714581		5		5		5		5		5		5		5		5		5		5		5		5		5		2		5		5		5		5		5		5

		919		0.613426107913256		0.847247790545225		0.47273034742102		0.081323670456186		5		1		5		5		5		5		5		5		5		1		5		5		5		5		5		5		5		1		5		5

		920		0.877802035072818		0.177572661545128		0.649806618690491		0.884596271207556		4		4		4		4		4		2		4		4		4		2		2		2		4		2		2		2		2		2		2		2

		921		0.0761302374303341		0.935656263958663		0.435217247111723		0.548952581593767		4		1		4		5		1		4		1		3		5		1		3		3		5		3		3		3		3		3		3		3

		922		0.768857106333598		0.492762083187699		0.0323746325448155		0.996007161214948		1		1		1		1		1		1		1		1		1		1		1		1		2		1		1		1		2		2		2		3

		923		0.746944130398333		0.963203784776852		0.879746177000925		0.341829301556572		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		924		0.375446809921414		0.96122705284506		0.746080679818988		0.817243913421407		4		4		4		4		4		4		5		4		4		4		3		5		3		3		5		3		3		3		3		3

		925		0.0714113095309585		0.927734475350007		0.626399491215125		0.0660113696940243		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		926		0.135825457982719		0.565431584604084		0.312062011100352		0.872984063345939		4		3		4		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3

		927		0.0963778630830348		0.392370891291648		0.78118279390037		0.687801780644804		4		4		4		4		4		4		3		3		4		3		3		3		3		4		3		3		3		3		3		3

		928		0.914433003868908		0.558368877274916		0.777127251261845		0.928712052060291		4		4		4		4		4		4		4		4		4		4		4		4		2		4		2		2		2		2		2		2

		929		0.673131170682609		0.231936228228733		0.514245255384594		0.527303021866828		4		4		4		4		1		2		2		2		4		4		2		2		2		2		2		2		2		2		2		2

		930		0.525471591157839		0.144555008970201		0.483401289209723		0.716685179620981		4		4		4		4		4		4		2		4		4		2		2		2		2		3		3		2		2		2		3		2

		931		0.386484821792692		0.349054610123858		0.134078399278224		0.567862948169932		1		1		1		1		3		1		3		1		1		3		1		3		3		3		3		3		2		3		3		3

		932		0.74178228690289		0.304394608829170		0.413834160659462		0.754095149924979		4		4		4		2		4		4		2		4		4		2		2		2		2		2		2		2		3		2		2		2

		933		0.145301950862631		0.765407659346238		0.305364964529872		0.0945494996849447		5		5		1		1		5		5		5		5		5		5		1		5		5		5		5		1		5		3		3		3

		934		0.40084497560747		0.911561693064868		0.527674792101607		0.848187240306288		4		4		1		4		4		4		1		4		4		3		3		3		3		3		5		3		3		3		3		3

		935		0.0233014873228967		0.499275111360475		0.647749243304133		0.620661279652268		4		4		4		4		4		4		4		4		4		3		3		3		3		3		3		3		3		3		3		3

		936		0.723338266834617		0.214712698478252		0.233270108001307		0.32665313151665		1		2		1		2		1		2		2		1		2		2		2		2		2		2		2		2		2		2		2		2

		937		0.0971788666211069		0.0417346302419901		0.207035888684914		0.93817498255521		3		4		3		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		938		0.572189608588815		0.582367000402883		0.924892897717655		0.704054460162297		4		4		4		4		4		4		4		4		4		5		5		2		4		4		4		5		3		3		3		3

		939		0.628007602179423		0.623119894880801		0.421837098663673		0.363417126936838		1		1		1		1		1		1		1		5		4		1		2		5		5		1		5		1		1		2		1		5

		940		0.424149364233017		0.0354902888648212		0.530229182215407		0.374186966568232		4		4		2		2		4		4		4		2		2		2		2		2		2		2		3		3		2		2		2		2

		941		0.500591861084104		0.964861322194338		0.780387095641345		0.302043928066269		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		942		0.961935844970867		0.73584324750118		0.363024355145171		0.805541927926242		1		1		1		4		1		1		1		1		1		1		1		1		1		1		1		1		1		1		2		1

		943		0.354744654381648		0.0334951549302787		0.387041666079313		0.524635691195726		4		4		4		4		4		4		4		2		2		2		2		3		3		2		3		3		2		3		2		2

		944		0.413846621755511		0.720675455173478		0.995767426211387		0.732612809166312		4		4		4		4		4		4		4		4		4		4		5		5		3		3		4		5		3		5		3		3

		945		0.648928533075377		0.868982889456674		0.631318578030914		0.521658106241375		1		5		4		4		5		5		1		1		1		5		5		1		5		5		5		5		5		3		1		5

		946		0.39741987362504		0.91927682608366		0.953254114137962		0.0408061498310417		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		947		0.922175580635667		0.342328856466338		0.200267184525728		0.0361890676431358		2		1		2		1		1		1		1		2		1		2		2		2		2		2		2		2		2		2		2		2

		948		0.0496063518803567		0.170169982826337		0.427979667205364		0.833279284182936		4		3		3		3		3		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3

		949		0.933953987201676		0.763343382626772		0.206307659158483		0.280280579812825		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		950		0.296402710722759		0.731128646992147		0.0654713427647948		0.833036669529974		4		4		1		1		3		1		1		3		1		3		3		1		3		3		3		1		3		3		3		3

		951		0.167789895087481		0.572540193796158		0.739397820783779		0.471090972190723		4		4		5		4		5		5		4		5		4		4		5		3		3		5		5		3		3		3		3		3

		952		0.60121153970249		0.633405791129917		0.971373669803143		0.228251764550805		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		2		5

		953		0.58104146993719		0.464026089990512		0.157100374577567		0.858292205492035		1		4		4		1		1		4		1		3		1		2		1		3		2		3		3		3		3		3		2		3

		954		0.552569445455447		0.603155871620402		0.349277301225811		0.204680208116770		1		1		1		5		1		5		1		1		1		5		1		5		5		5		5		5		5		1		2		2

		955		0.591445588506758		0.570193035993725		0.885730188339949		0.203651814488694		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		956		0.235945366555825		0.682881495682523		0.948009642306715		0.319345572497696		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		3		5		5

		957		0.100754651241004		0.320780962472782		0.141551524633542		0.483335153199732		4		4		1		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		958		0.991309085162356		0.337606747867540		0.496572038624436		0.195573225384578		1		1		2		1		2		1		1		2		1		2		2		2		2		2		2		2		2		2		2		2

		959		0.722868602722883		0.563358642626554		0.015493554295972		0.404235884547234		1		1		1		1		1		1		1		1		1		1		1		2		1		1		1		1		1		2		1		1

		960		0.88768691313453		0.357933538500220		0.944227610249072		0.840441223001108		4		4		4		4		4		4		4		4		4		4		2		4		2		2		2		2		2		2		2		2

		961		0.66570210410282		0.891316603403538		0.742157779633999		0.865833035903051		4		1		4		4		4		4		4		4		1		4		5		3		3		1		4		3		3		3		3		3

		962		0.993152991170064		0.0612766409758478		0.450331118423492		0.315673695411533		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		963		0.398096887627617		0.0939055329654366		0.693398721516132		0.672363020479679		4		4		4		4		4		4		4		4		4		2		2		2		2		3		3		3		2		3		2		2

		964		0.925819842144847		0.909775080392137		0.259150532307103		0.36379772843793		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		965		0.526935324072838		0.180633002193645		0.311471069697291		0.425274348584935		2		4		1		2		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2

		966		0.966371464775875		0.199624890694395		0.218165013706312		0.0367399523966014		1		2		1		2		1		2		1		2		2		2		2		2		2		2		2		2		2		2		2		2

		967		0.650588968070224		0.528015315998346		0.563021172536537		0.82187822391279		4		4		4		4		4		4		4		4		4		4		2		3		1		2		1		3		2		2		3		3

		968		0.920397967100143		0.324155245674774		0.502948219422251		0.447843435453251		1		4		2		4		2		1		1		2		2		2		2		2		2		2		2		2		2		2		2		2

		969		0.64334878581576		0.796290299389511		0.735092703485861		0.622326118173078		4		4		4		4		4		4		4		1		4		5		4		5		5		2		5		5		5		5		2		3

		970		0.881518431007862		0.573348683072254		0.334248666651547		0.0350519944913685		5		1		1		1		1		1		1		1		2		1		1		1		1		5		1		1		1		2		1		1

		971		0.0756871670018882		0.176291005685925		0.920771691715345		0.618050581077114		4		4		4		4		4		3		4		4		3		4		3		3		3		3		3		3		3		3		3		3

		972		0.0312377437949181		0.131040415726602		0.421470928704366		0.633236077846959		4		3		3		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		973		0.847940581385046		0.195241821696982		0.117666504811496		0.945475595770404		4		1		2		4		1		2		1		1		1		2		3		2		2		2		2		2		2		2		2		2

		974		0.206624816637486		0.997691782191396		0.959489210043103		0.854098758660257		4		4		4		4		4		3		4		4		4		3		3		3		3		3		3		3		3		3		3		3

		975		0.978028253884986		0.571833804482594		0.677607267396525		0.929772035451606		4		4		4		4		4		4		4		4		4		2		2		2		2		4		1		2		2		2		2		2

		976		0.263306500157341		0.883411488728598		0.761174697661772		0.230740459635854		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		977		0.786711490014568		0.532215408748016		0.209693415090442		0.167920246487483		1		1		1		1		1		1		1		1		1		1		2		2		1		2		1		1		1		1		1		2

		978		0.490564044797793		0.0855484150815755		0.905072117457166		0.18763817101717		4		5		4		4		4		4		4		5		2		5		2		2		2		2		2		2		2		2		2		2

		979		0.0683584213256836		0.821715648751706		0.205705003580078		0.982898542191833		4		4		3		4		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3		3

		980		0.427396250888705		0.644049777649343		0.0485969830770046		0.931594228371978		1		1		4		4		3		3		1		1		3		3		3		3		1		3		3		3		3		3		3		3

		981		0.841834172606468		0.629553065868095		0.891553024295717		0.457397524034604		5		4		5		5		5		4		4		4		5		5		5		5		5		5		5		2		2		5		2		5

		982		0.385036013089120		0.675596727989614		0.876539493212476		0.724388081114739		4		4		4		4		4		4		4		4		4		4		4		5		3		4		5		3		3		3		3		3

		983		0.657625041436404		0.441417225869372		0.205114483134821		0.455988351255655		1		1		1		1		1		2		1		1		2		1		1		2		1		1		2		1		2		2		2		2

		984		0.600218285340816		0.272772033466026		0.749387835618109		0.62893702997826		4		4		4		4		4		4		4		2		2		2		4		4		2		2		2		3		2		2		2		2

		985		0.759194743819535		0.179962676484138		0.0143356889020652		0.427301278803498		1		1		1		1		2		1		2		1		1		2		2		1		2		2		2		2		2		2		2		2

		986		0.622217610944062		0.920094698900357		0.4769822799135		0.707693888805807		1		4		1		4		1		1		1		1		1		1		1		3		1		1		1		3		3		5		1		3

		987		0.942699317121878		0.0765341606456786		0.414301303913817		0.822227538563311		4		4		2		2		2		4		2		2		2		2		2		2		2		2		2		2		2		2		2		2

		988		0.720294351223856		0.311701835831627		0.793726990697905		0.950139607768506		4		4		4		4		4		4		4		4		4		4		4		4		3		3		4		2		2		2		2		3

		989		0.325208951253444		0.880442635854706		0.599594920640811		0.831755647901446		4		4		4		4		4		4		4		5		4		3		3		4		3		3		3		3		3		3		3		3

		990		0.415803144918755		0.829490768024698		0.586368233663961		0.550684807589278		5		5		4		4		4		4		4		5		5		5		5		5		1		5		5		5		5		3		3		3

		991		0.915671829134226		0.668886021478102		0.148645989364013		0.833729792851955		4		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1		1

		992		0.497632076963782		0.793255227152258		0.413665706524625		0.727297574980184		4		4		4		4		1		4		5		4		1		1		3		1		1		1		3		3		3		3		3		3

		993		0.372045423369855		0.458750456571579		0.607292397879064		0.309325892478228		5		4		5		5		5		5		5		5		5		5		5		5		3		5		5		5		2		3		5		2

		994		0.430805906420574		0.678913298295811		0.98415382974781		0.0942695604171604		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5		5

		995		0.745360080618411		0.826632625190541		0.660697061335668		0.404594403924420		4		5		5		4		5		5		1		5		1		5		5		5		1		5		5		1		5		2		5		5

		996		0.530106463702396		0.865345628233626		0.52446811250411		0.643088364973664		1		4		4		4		5		1		5		1		1		5		5		1		3		3		3		3		1		1		3		1

		997		0.198038134723902		0.0656696725636721		0.121081785764545		0.824418671429157		4		4		3		4		3		3		4		3		3		3		2		3		3		3		3		3		3		3		3		3

		998		0.602256681071594		0.489075303310528		0.148371790535748		0.100021502701566		1		1		1		1		1		1		1		2		2		1		2		2		1		1		5		1		2		2		2		2

		999		0.690879845060408		0.463494218653068		0.633221846306697		0.485168468905613		5		4		4		4		4		4		4		4		4		5		2		2		1		2		2		2		2		3		2		2

		1000		0.194648955482990		0.726117426762357		0.635238144313917		0.176688445731997		5		5		5		5		5		5		5		1		5		5		5		5		3		5		5		5		5		5		5		3




		S		164.89		1

		H		146.31		1

		H		110.66		1

		H		124.37		1

		H		145.42		1

		S		179.49		1

		H		143.36		1

		H		140.8		1

		H		131.38		1

		H		103.66		1

		H		100.75		1

		H		107.87		1

		H		149.8		1

		H		104.96		1

		H		86.25		1

		S		167.69		1

		H		147.93		1

		H		155.94		1

		138.48		1

		H		93.26		1

		H		106.32		1

		H		160.74		1

		H		113.18		1

		S		141.95		2

		H		106.14		2

		H		68.19		2

		S		161.81		2

		H		111.34		2

		S		145.63		2

		S		136.58		2

		S		145.51		2

		S		154.58		2

		H		97.74		2

		S		152.78		2

		S		149.66		2

		S		153.75		2

		H		100.63		2

		S		170.05		2

		H		132.62		2

		S		139.49		2

		H		84.6		2

		S		141.67		2

		H		100.54		2

		S		177.66		2

		S		137.33		2

		S		156.42		2

		S		118.28		2

		S		123.88		2

		S		136.72		2

		S		116.36		2

		H		97.71		2

		S		134.51		2

		H		105.76		2

		H		118.3		2

		S		138.78		2

		S		199.71		2

		H		107.08		2

		H		52		2

		S		157.85		2

		S		122.68		2

		H		103.7		2

		H		90.44		2

		S		135.25		2

		H		111.43		2

		S		159.4		2

		S		155.98		2

		S		140.1		2

		S		168.4		2

		S		162.82		2

		S		136.93		2

		H		123.26		2

		S		218.25		3

		H		149.99		3

		H		136.48		3

		H		143.74		3

		H		111.12		3

		H		163.88		3

		H		122.64		3

		H		99.66		3

		S		202.1		3

		H		103.81		3

		H		158.19		3

		H		135.86		3

		H		123.19		3

		H		124.34		3

		S		168.08		3

		H		168.32		3

		H		116.6		3

		S		170.83		3

		H		151.04		3

		H		116.49		3

		H		115.32		3

		S		210.36		3

		153.43		3

		H		125.25		3

		H		109.31		3

		H		69.72		3

		H		129.87		3

		H		70.72		3

		S		159.38		3

		H		108.91		3

		H		121.29		3

		S		167.67		3

		H		107.45		3

		H		109.41		3

		S		197.99		3

		H		81.71		3

		H		78.42		3

		S		168.25		3

		H		155.32		3

		H		121.25		3

		H		134.44		3

		S		203.45		3

		S		168.23		3

		H		136.3		4

		H		129.7		4

		H		110.52		4

		H		124.23		4

		S		144.17		4

		S		176.98		4

		S		191.08		4

		H		134.44		4

		H		115.33		4

		H		94.03		4

		S		203.69		4

		S		149		4

		H		141.32		4

		S		143.25		4

		S		185.09		4

		H		116.44		4

		S		157.52		4

		H		91.04		4

		S		125.95		4

		H		73.03		4

		S		183.15		4

		H		113.56		4

		S		156.74		4

		S		141.06		4

		H		94.15		4

		H		139.8		4

		H		125.82		4

		S		143.59		4

		H		103.98		4

		S		175.58		4

		H		123.12		4

		H		109.62		4

		S		171.89		4

		S		151.34		4

		H		107.45		4

		S		163.19		4

		S		139.77		4

		H		133.74		4

		H		120		4

		H		97.51		4

		S		169.37		4

		S		175.96		4

		H		131.49		4

		H		125.84		4

		S		198.96		4

		H		108.56		4

		S		169.59		4

		S		146.22		4

		H		125.01		4

		H		120.7		4

		S		162.85		4

		H		123.1		4

		H		112.32		4

		S		165.56		4

		H		118.11		5

		S		176.79		5

		H		103.29		5

		H		139.1		5

		H		102.92		5

		S		152.26		5

		H		61.89		5

		H		143.87		5

		175.72		5

		S		158.76		5

		H		121.37		5

		H		82.93		5

		H		109.91		5

		H		115.54		5

		H		129.62		5

		H		120.79		5

		H		104.4		5

		S		157.26		5

		S		166.07		5

		H		86.78		5

		H		136.33		5

		H		138.48		5

		H		135.71		5

		S		149.03		5

		H		79.34		5

		S		150.45		5

		H		97.54		5

		S		205.81		5

		S		166.13		5

		S		133.98		5

		H		82.61		5

		H		94.38		5

		H		87.16		5

		S		165.33		5

		S		145.22		5

		H		95.42		5

		S		163.64		5

		H		126.46		5

		S		159.58		5

		S		135		5

		S		145.75		5

		H		36.91		5

		134.79		6

		H		91.28		6

		S		125.99		6

		H		115.89		6

		S		161.65		6

		S		123.97		6

		S		173.98		6

		S		133.23		6

		S		152.58		6

		H		86.13		6

		H		103.91		6

		S		122.8		6

		S		157.59		6

		S		164.77		6

		S		164.3		6

		H		136.95		6

		S		166.85		6

		H		88.51		6

		S		143.02		6

		H		91.85		6

		H		93.74		6

		S		126.13		6

		S		164.45		6

		S		131.67		6

		H		110.37		6

		S		146.21		6

		S		125.63		6

		H		115.05		6

		S		141.44		6

		S		151.23		6

		S		158.03		6

		H		96.51		6

		S		162.14		6

		S		169.93		6

		H		119.7		6

		S		154.44		6

		H		118.42		6

		S		175.15		6

		S		143.57		6

		H		106.39		6

		S		120.49		6

		S		155.62		6

		S		119.12		6

		S		120.78		6

		S		145.87		6

		S		170.57		6

		S		161.16		6

		S		190.59		6

		S		149.92		6

		H		75.56		7

		H		114.07		7

		H		107.35		7

		H		90.3		7

		H		89.37		7

		S		177.04		7

		H		103.07		7

		H		121.42		7

		H		164.4		7

		S		193		7

		H		141.38		7

		H		119.3		7

		H		135.41		7

		H		150.92		7

		H		140.1		7

		H		130.65		7

		H		124.9		7

		H		154.26		7

		H		154.33		7

		H		126.12		7

		S		169.24		7

		H		112.96		7

		H		149.7		7

		S		150.49		7

		H		130.42		7

		H		147.66		7

		S		162.29		7

		H		115.53		7

		H		158.3		7

		H		147.72		7

		H		120.66		7

		H		114.66		7

		H		130.24		7

		H		132.92		7

		H		107.77		7

		H		111.93		7

		H		118.06		7

		H		154.23		7

		H		93.84		7

		H		107.71		7

		H		33.89		7

		S		197.94		7

		S		168.94		7

		H		133.83		7

		H		125.59		8

		H		158.84		8

		H		112.9		8

		S		154.73		8

		S		148.78		8

		S		193.08		8

		H		150.47		8

		H		88.01		8

		H		110.19		8

		H		135.71		8

		H		160.35		8

		H		154.39		8

		H		96.02		8

		H		135.28		8

		H		100.96		8

		H		129.75		8

		S		150.85		8

		H		117.01		8

		H		109.89		8

		H		125.41		8

		H		102.42		8

		H		110.33		8

		H		116.24		8

		H		129.92		8

		134.31		8

		H		116.44		8

		H		134.89		8

		H		116.52		8

		S		155.01		8

		H		132.91		8

		H		110.89		8

		S		151.19		8

		H		147.58		8

		H		136.43		8

		H		162.52		8

		S		159.78		8

		H		145.68		8

		H		93.03		8

		H		118.07		8

		H		131.08		8

		H		109.93		8

		H		127.05		8

		H		114.51		8

		H		85.65		8

		H		126.07		8

		H		158.37		8

		H		159.11		8

		H		157.96		8

		H		151.59		8

		H		142.37		8

		H		109.12		8

		H		61.43		8

		H		124.03		8

		S		169.6		8

		H		144.54		8

		S		166.39		8

		H		129.22		8

		H		102.33		8

		S		134.76		9

		S		147.21		9

		S		144.47		9

		H		103.02		9

		H		86.13		9

		S		138.16		9

		S		183.26		9

		S		120.28		9

		S		188.06		9

		114.49		9

		S		154.46		9

		H		137.46		9

		S		113.37		9

		H		111.41		9

		S		165.09		9

		H		88.26		9

		H		134.96		9

		S		125.31		9

		S		143.81		9

		H		126.25		9

		S		192.9		9

		H		94.82		9

		S		160.47		9

		H		112.85		9

		H		109.73		9

		S		143.23		9

		S		168.31		9

		S		136.05		9

		S		159.74		9

		H		97.15		9

		S		142.69		9

		H		101.74		9

		S		152.91		9

		S		118.91		9

		S		178.96		9

		H		77.37		9

		H		117.25		9

		S		132.63		9

		 		H		96.86		9

		S		137.08		9

		S		128.47		9

		H		111.48		9

		H		128.37		9

		S		136.52		9

		S		182.3		9

		H		104.23		9

		S		146.66		9

		S		133.88		9

		S		161.39		9

		S		143.61		9

		S		133.13		9

		S		166.25		9

		S		116.73		9

		S		163.98		9

		H		116.26		9

		S		156.77		9

		S		148.39		9

		H		91.08		9

		S		139.72		9

		S		131.7		9

		S		160.59		9

		S		170.38		9

		H		110.8		9

		S		142.47		9

		S		172.7		9

		H		89.74		9

		H		106.33		9

		S		147.7		9

		H		102.09		9

		H		113.24		9

		H		103.78		9

		H		109.14		9

		S		147		9

		S		107.21		9

		H		114.86		9

		H		144.61		10

		H		124.1		10

		H		118.1		10

		S		164.56		10

		H		151.67		10

		H		131.57		10

		H		126.34		10

		H		154.18		10

		H		118.54		10

		S		164.82		10

		128.16		10

		H		152.48		10

		H		130.85		10

		H		84.24		10

		H		133.97		10

		S		179.43		10

		H		125.54		10

		H		101.16		10

		S		177.85		10

		H		104.54		10

		H		95.92		10

		H		116.72		10

		H		130.71		10

		H		128.5		10

		H		115.27		10

		H		108.75		10

		H		134.06		10

		S		154.9		10

		H		129.25		10

		S		170.94		10

		S		171.56		10

		H		109.02		10

		H		97.93		10

		H		92.26		10

		H		152.18		10

		H		89.01		10

		H		61.2		10

		H		91.28		10

		H		116.65		10

		H		121.93		10

		H		125.44		10

		H		107.54		10

		S		173.43		10

		H		124.03		10

		H		127.84		10

		H		109.16		10

		H		136.37		10

		H		171.78		10

		H		75.74		10

		S		153.98		10

		H		99.17		10

		S		176.17		10

		S		154.31		10

		S		155.27		10

		H		118.22		10

		H		145.32		10

		H		91.49		10

		H		139.49		10

		S		173.97		10

		H		79.86		10

		S		147.76		10

		S		146.19		10

		H		141.52		10

		S		166.97		10

		S		168.94		10

		H		142.89		10

		H		157.45		10

		H		136.75		10

		H		140.25		10

		H		109.41		11

		H		139.14		11

		H		100.38		11

		S		175.38		11

		S		154.4		11

		S		170.13		11

		S		173.73		11

		S		168.53		11

		H		116.66		11

		S		143.95		11

		H		128.1		11

		H		132.6		11

		H		123.3		11

		H		126.79		11

		S		189.55		11

		S		205.39		11

		H		129.59		11

		H		133.04		11

		H		96.73		11

		S		206.12		11

		H		86.86		11

		S		159.59		11

		H		129.47		11

		S		140.98		11

		202.62		11

		H		138.48		11

		H		115.91		11

		S		147.61		11

		H		91.46		11

		S		167		11

		S		146.81		11

		S		188.94		11

		S		138.1		11

		140.29		11

		H		114.56		11

		H		71.49		11

		H		97.89		11

		115.39		11

		S		203.77		11

		S		153.94		11

		H		85.17		11

		H		91.02		11

		H		121.98		11

		H		118.26		11

		H		126.38		11

		H		90.62		11

		H		133.86		11

		H		101.96		11

		H		113.58		11

		H		36.37		11

		150.83		11

		H		142.3		11

		H		99.3		12

		H		121.97		12

		H		114.89		12

		H		131.52		12

		H		106.73		12

		S		156.47		12

		S		171.28		12

		S		170.11		12

		H		120.12		12

		S		160.46		12

		S		129.94		12

		H		95.5		12

		S		174.26		12

		S		154.34		12

		H		111.1		12

		H		128.3		12

		S		183.48		12

		H		115.8		12

		H		93.91		12

		H		110.67		12

		H		105.39		12

		H		96.89		12

		S		143.24		12

		S		151.18		12

		S		154.36		12

		H		107.06		12

		H		115.81		12

		H		89.87		12

		H		122.92		12

		H		117.15		12

		H		83.58		12

		S		164.57		12

		S		170.4		12

		H		123.69		12

		S		149.8		12

		S		160.02		12

		S		142.13		12

		H		126.91		12

		S		148.67		12

		S		160.72		12

		H		89.97		13

		H		121.2		13

		H		88.6		13

		H		170.71		13

		H		144.37		13

		H		160.07		13

		H		135		13

		H		131.11		13

		H		90.14		13

		S		169.3		13

		H		111.17		13

		H		118.25		13

		S		186.62		13

		H		136.62		13

		H		119.33		13

		H		103.23		13

		H		98.89		13

		H		151.59		13

		H		121.13		13

		H		129.08		13

		H		143.63		13

		H		153.76		13

		H		126.38		13

		H		109.83		13

		 		S		173.64		13

		H		152.96		13

		S		183.03		13

		S		147.97		13

		S		181.67		13

		H		93.59		13

		H		131.05		13

		H		106.76		13

		H		121.91		13

		H		150.9		13

		H		104.34		13

		H		102.69		13

		H		134.25		13

		S		177.82		13

		S		150.12		13

		S		175.22		13

		H		147.34		13

		S		174.21		13

		H		144.84		13

		S		149.02		13

		H		108.95		13

		H		129.24		13

		S		162.78		13

		H		148		13

		H		97.52		13

		128.93		13

		H		123.61		13

		H		90.55		13

		H		126.05		14

		S		166.2		14

		H		140.9		14

		H		120.77		14

		H		125.55		14

		S		137.61		14

		H		118.25		14

		H		140.59		14

		H		108.68		14

		H		120.37		14

		124.87		14

		H		93.92		14

		H		94.54		14

		H		115.97		14

		H		126.69		14

		H		97.94		14

		H		134.58		14

		H		127.42		14

		H		130.02		14

		S		166.34		14

		H		88.46		14

		H		130.21		14

		H		136.78		14

		H		163.04		14

		H		108.95		14

		H		112.91		14

		H		150.2		14

		H		137.34		14

		S		209.33		14

		S		178.88		14

		H		101.89		14

		H		135.32		14

		H		145.93		14

		S		157.95		14

		S		175.5		14

		H		133.48		14

		H		124.77		14

		S		167.27		14

		H		81.82		14

		H		132.81		14

		S		155.86		14

		S		159.58		14

		H		74.16		14

		H		124.88		14

		H		130.07		14

		H		119.15		14

		H		160.25		14

		H		101.73		14

		H		98.83		14

		H		113.71		14

		H		145.58		14

		H		165.54		14

		H		116.25		14

		S		149.04		15

		H		122.87		15

		S		129.85		15

		H		86.46		15

		H		122.95		15

		S		187.94		15

		S		152.55		15

		S		137.49		15

		S		155.04		15

		S		161.84		15

		S		155.25		15

		H		78.5		15

		S		148.1		15

		H		145.8		15

		H		141.97		15

		S		184.95		15

		H		133.16		15

		S		131.66		15

		S		146.06		15

		S		167.29		15

		H		109.21		15

		H		134.9		15

		H		94.95		15

		S		154.75		15

		S		188.96		15

		H		147.59		15

		H		120.87		15

		H		137.44		15

		H		125.74		15

		S		164.26		15

		S		135.79		15

		H		102.56		15

		H		143.67		15

		H		126.13		15

		H		78.8		15

		S		164.91		15

		S		151.89		15

		H		111.31		15

		H		88.44		15

		S		140.13		15

		S		181.12		15

		H		124.66		15

		S		145.99		15

		H		135.96		15

		112.35		15

		H		93.58		15

		S		149.86		15

		S		156.53		15

		H		123.29		15

		H		127.76		15

		H		108.26		15

		H		113.93		16

		H		81.59		16

		H		96.96		16

		S		157.71		16

		S		150.54		16

		H		137.14		16

		S		193.72		16

		 		H		115.44		16

		S		161.49		16

		H		113.3		16

		H		135.3		16

		S		166.76		16

		H		59.35		16

		S		145.69		16

		S		184.76		16

		S		156.61		16

		H		112.67		16

		H		108.85		16

		H		79.26		16

		S		153.56		16

		H		99.66		16

		H		141.81		16

		H		132.05		16

		S		135.29		16

		S		147.43		16

		S		180.7		16

		H		100.52		16

		H		110.72		16

		S		137.81		16

		H		106.3		16

		H		92.65		16

		S		191.06		16

		S		170.6		16

		S		154.92		16

		S		187.96		16

		H		104.68		16

		H		85.55		16

		H		109.98		16

		H		133.57		16

		S		161.44		16

		H		90.32		16

		S		155.24		16

		H		133.45		16

		S		166.67		16

		S		140.54		17

		S		174.25		17

		S		156.46		17

		H		126.49		17

		S		163.88		17

		H		101.38		17

		H		89.74		17

		S		187.31		17

		H		101.22		17

		S		140.79		17

		H		86.45		17

		H		106.7		17

		H		121.94		17

		S		142.25		17

		S		158.08		17

		S		169.13		17

		H		107.73		17

		H		130.52		17

		S		180.9		17

		S		151.12		17

		H		124.52		17

		S		160.58		17

		S		166.63		17

		S		196		17

		H		104.72		17

		S		142.47		17

		H		124.15		17

		S		147.38		17

		H		113.97		17

		H		107.43		17

		H		117.34		17

		H		75.17		17

		H		101.1		17

		S		151.31		17

		H		68.91		17

		H		142.33		17

		S		188.17		17

		H		125.66		17

		S		122.96		17

		S		206		17

		S		152.31		17

		H		142.45		17

		S		147.36		17

		H		122.01		18

		H		129.34		18

		H		127.89		18

		H		128.22		18

		S		145.13		18

		S		163		18

		S		138.76		18

		S		146.04		18

		H		83.75		18

		H		123.06		18

		S		182.16		18

		S		143.34		18

		H		127.27		18

		S		157.62		18

		S		145.26		18

		H		128.83		18

		S		161.71		18

		H		129.54		18

		S		124.64		18

		S		204.38		18

		S		190.91		18

		H		113.5		18

		H		110.72		18

		H		111.84		18

		H		127.24		18

		H		142.5		18

		H		115.13		18

		H		100.79		18

		S		147.14		18

		S		150.09		18

		S		166.27		18

		H		70.99		18

		S		184.05		18

		H		129.74		18

		S		177.36		18

		S		155.44		18

		H		116.88		18

		S		153.35		18

		S		151.92		18

		S		162.02		18

		S		156.52		18

		S		150.28		18

		H		68.95		18

		H		111.37		19

		S		181.74		19

		H		109.68		19

		H		111.82		19

		H		115.76		19

		H		92.43		19

		S		155.12		19

		H		131.62		19

		H		82.76		19

		H		116.57		19

		S		175.2		19

		H		124.72		19

		S		145.75		19

		S		154.95		19

		H		126.9		19

		S		163.05		19

		H		72.2		19

		H		108.07		19

		S		148.36		19

		S		173.76		19

		H		94.85		19

		S		160.98		19

		H		115.23		19

		S		174.51		19

		S		167.97		19

		H		95.84		19

		H		129.63		19

		H		125.84		19

		H		67.02		19

		S		146.35		19

		H		116.36		19

		H		121.07		19

		H		105.43		19

		S		148.06		19

		H		96.67		19

		S		131.58		19

		H		135.92		19

		H		86.21		19

		S		133.52		19

		S		140.46		19

		H		127.49		19

		H		120.52		19

		H		122.04		19

		H		116.86		19

		H		146		19

		H		89.13		19

		H		115.32		19

		H		133.4		19

		H		140.89		19

		H		139.79		19

		S		180.34		19

		H		119.25		19

		H		141.77		19

		S		166.34		19

		S		155.02		19

		H		102.8		19

		H		116.41		19

		H		88.65		19

		H		127		19

		H		123.7		19

		H		122.89		19

		H		92.37		19

		H		108.9		19

		S		148.45		19

		S		144.25		19

		S		168.46		19

		S		156.43		19

		S		164.76		19

		H		133.29		20

		H		130.08		20

		H		96.24		20

		155.6		20

		S		169.01		20

		S		155.96		20

		H		143.37		20

		H		127.53		20

		S		136.1		20

		S		145.6		20

		H		146.22		20

		S		160.26		20

		H		118.63		20

		H		108.23		20

		H		81.18		20

		S		162.98		20

		H		150.84		20

		S		162.93		20

		H		95.57		20

		S		194.85		20

		S		140.33		20

		H		144.85		20

		H		89.72		20

		H		117.55		20

		H		126.54		20

		H		129.71		20

		H		106.66		20

		S		130.9		20

		H		106.28		20

		H		78.14		20

		S		140.55		20

		S		146.47		20

		H		124.27		20

		S		188.25		20

		S		165.78		20

		H		133.13		20

		S		142.09		20

		H		123.52		20

		H		120.43		20

		H		146.62		20

		S		152.87		20

		H		102.39		20

		S		156.2		20

		S		186.37		20

		H		118.73		20

		S		135.04		20

		H		96.55		20

		S		153.62		20

		S		145.5		20

		H		76.42		20

		H		133.78		20

		H		69.91		20

		H		121.11		20

		H		120.56		20

		H		142.07		20

		S		147.1		20

		S		150.51		20

		H		86.53		20

		H		43.39		20

		S		165.88		20

		S		137.65		20

		H		130.63		20

		H		134.73		21

		H		133.84		21

		H		141.48		21

		H		151.27		21

		H		121.53		21

		H		128.85		21

		H		151.1		21

		H		60.17		21

		H		151.58		21

		H		146.03		21

		S		151.63		21

		H		96.37		21

		S		159.93		21

		H		144.86		21

		H		136.94		21

		S		179.69		21

		H		138.02		21

		H		125.74		21

		S		191.21		21

		H		131.49		21

		S		182.88		21

		S		170.14		21

		H		129.44		21

		H		108.12		21

		H		114.67		21

		S		165.2		21

		S		189.7		21

		H		157.89		21

		H		107.31		21

		H		136.55		21

		S		170.77		21

		H		112.35		21

		H		152.16		21

		S		171.69		21

		H		104.41		21

		H		146.3		21

		H		82.71		21

		H		115.43		21

		S		159.17		21

		H		156.7		21

		S		139.89		21

		S		167.97		21

		H		120.28		21

		H		130.63		21

		H		140.2		21

		H		158.97		21

		H		130.78		21

		H		134.17		21

		H		105.7		21

		H		123.87		21

		H		122.62		21

		H		70.33		21

		145.4		21

		H		119.38		21

		H		171.74		21

		S		144.84		21

		H		80.12		21

		H		91.7		21

		H		146.99		21

		S		184.25		21

		S		188.33		21

		H		120.23		21

		 		S		164.97		21

		H		107.33		22

		H		125.22		22

		H		109.6		22

		H		101.42		22

		S		165.75		22

		S		144.83		22

		H		118.46		22

		H		73.46		22

		S		177.82		22

		H		143.61		22

		S		213.44		22

		H		131.33		22

		H		100.46		22

		H		117.23		22

		H		114.81		22

		H		119.18		22

		S		162.7		22

		H		109.96		22

		H		89.89		22

		H		168.23		22

		H		133.91		22

		H		153.63		22

		H		144.64		22

		H		148.58		22

		H		54.78		22

		H		164.94		22

		H		126.04		22

		H		149.24		22

		H		127.71		22

		H		129.91		22

		H		96.38		22

		S		164.14		22

		H		124.1		22

		H		96.04		22

		H		162.73		22

		H		117.4		22

		H		115.61		22

		H		134.89		22

		H		117.78		22

		H		117.72		22

		H		71.49		22

		H		96.17		22

		H		106.45		22

		S		156.86		23

		S		153.43		23

		 		H		121.5		23

		S		151.05		23

		S		156.23		23

		S		127.77		23

		S		113.78		23

		S		131.4		23

		S		190.04		23

		H		89.74		23

		H		116.57		23

		H		95.51		23

		S		138.88		23

		H		104.8		23

		H		95.79		23

		S		129.77		23

		S		137.46		23

		H		107.18		23

		S		117.64		23

		S		128.32		23

		S		141.07		23

		S		121.1		23

		H		102.56		23

		S		162.29		23

		S		114.84		23

		H		120.73		23

		H		103.11		23

		H		106.16		23

		H		111.18		23

		S		136.91		23

		S		137.78		23

		S		168.13		23

		S		121.56		23

		H		106.06		23

		S		105.07		23

		S		144.98		23

		S		166.15		23

		S		150.82		23

		H		59.74		23

		H		121.5		23

		S		142.65		23

		S		134.48		23

		H		58.17		23

		H		105.59		23

		S		154.23		23

		S		152.61		23

		S		172.32		23

		S		145.98		23

		S		152.88		23

		S		124.39		23

		S		177.52		24

		H		88.8		24

		H		127.55		24

		H		146		24

		S		221.89		24

		H		154.61		24

		H		126.29		24

		H		119.94		24

		H		135.57		24

		H		117.6		24

		S		164.79		24

		S		179.76		24

		H		124.81		24

		H		122.2		24

		H		133.79		24

		H		166.28		24

		H		152.53		24

		H		155.3		24

		H		109.74		24

		S		174.37		24

		H		118.05		24

		H		84.55		24

		S		168.34		24

		H		118.7		24

		H		70.6		24

		H		120.93		24

		H		100.18		24

		H		137.16		24

		H		123.58		24

		H		156.91		24

		H		120.72		24

		S		152.72		24

		H		122.58		24

		H		154.69		24

		H		112.26		24

		S		199.43		24

		S		164.78		24

		H		117.03		24

		H		156.34		24

		S		160.35		24

		H		135.85		24

		H		95.18		24

		S		184.99		24

		H		139.93		24

		H		149.61		24

		S		180.7		24

		S		172.42		24

		S		147.59		25

		H		120.79		25

		H		141.33		25

		S		178.29		25

		H		133		25

		S		144.05		25

		 		H		124.19		25

		S		175.82		25

		S		164.37		25

		H		91.48		25

		S		136.18		25

		H		118.09		25

		H		125.09		25

		S		174.12		25

		H		97.83		25

		S		186.94		25

		S		161.81		25

		H		134.85		25

		H		82.87		25

		S		153.26		25

		H		114.61		25

		S		188.21		25

		S		135.2		25

		H		101.05		25

		H		138.5		25

		H		137.55		25

		S		154.59		25

		H		106.85		25

		H		93.63		25

		H		117.72		25

		H		133.64		25

		H		98.09		25

		H		94.46		25

		S		156.97		25

		H		90.32		25

		H		119.38		25

		S		141.44		25

		H		144.73		25

		S		146.86		25

		S		162.6		25

		H		103.97		25

		S		151.11		25

		S		144.21		25

		H		113.81		25

		H		95.49		25

		S		186.37		25

		S		149.27		25

		S		147.56		25

		S		184.47		26

		H		122.25		26

		S		135.69		26

		S		120.61		26

		H		94.42		26

		H		120.23		26

		H		92.42		26

		H		119.33		26

		S		111.23		26

		S		149.57		26

		S		113.69		26

		S		177.38		26

		S		118.93		26

		158.37		26

		H		94.56		26

		S		180.81		26

		H		120.75		26

		S		148.66		26

		S		131.59		26

		H		79.49		26

		S		145.44		26

		S		135.46		26

		S		179.21		26

		S		174.44		26

		S		122.61		26

		S		183.23		26

		H		126.02		26

		S		166.67		26

		S		149.45		26

		S		157.05		26

		S		139.47		26

		S		144.08		26

		150.15		26

		S		147.13		26

		S		153.25		26

		S		140.84		26

		H		90.17		26

		S		181.1		26

		S		135.47		26

		S		171.06		26

		S		131.66		26

		S		131.86		26

		S		127.81		26

		H		91.53		26

		S		138.36		26

		S		169.72		26

		S		171.33		26

		S		155.15		26

		H		48.53		26

		H		53.13		26

		S		190.16		26

		S		179.31		26

		S		125.02		27

		S		184.99		27

		H		120.75		27

		H		97.75		27

		S		201.28		27

		H		101.53		27

		H		72.07		27

		H		110.32		27

		H		81.65		27

		S		150.35		27

		H		70.1		27

		S		212.11		27

		S		145.11		27

		S		139.66		27

		S		127.4		27

		S		163.82		27

		S		160.73		27

		H		113.93		27

		H		109.43		27

		H		84.8		27

		H		123.04		27

		S		156.56		27

		H		134.29		27

		H		128.29		27

		H		126.82		27

		H		131		27

		H		125.51		27

		S		175.34		27

		H		91.86		27

		S		166.42		27

		S		211.05		27

		S		133.05		27

		S		170.52		27

		S		173.2		27

		S		139.47		27

		H		132.39		27

		H		119.95		27

		S		160.01		27

		H		134.68		27

		H		106.33		27

		S		158.66		27

		S		161.27		27

		S		144.92		27

		H		124.13		27

		H		120.2		27

		H		139.2		27

		H		109.33		27

		S		164.21		27

		H		105.28		27

		S		144.74		27

		H		118.26		27

		H		99.45		27

		H		137		27

		H		125.73		27

		S		180.78		27

		H		130.2		28

		H		118.93		28

		H		100.14		28

		H		126.92		28

		H		137.39		28

		H		140.26		28

		H		76.14		28

		H		155.77		28

		H		142.05		28

		H		106.82		28

		H		143.7		28

		H		119.48		28

		H		99.83		28

		S		168.36		28

		H		109.8		28

		H		165.29		28

		H		128.44		28

		H		150.25		28

		H		132.54		28

		H		115.63		28

		H		129.05		28

		S		181.39		28

		S		176.55		28

		H		88.96		28

		H		143.55		28

		H		138.29		28

		H		78.47		28

		H		132.66		28

		H		154.31		28

		S		155.39		28

		S		163.81		28

		H		121.8		28

		H		135.15		28

		H		122.58		28

		H		101.54		28

		S		163.2		28

		H		133.71		28

		H		106.69		28

		H		123.77		28

		H		104.29		28

		H		112.8		28

		H		129.26		28

		H		118.43		28

		S		173.42		28

		H		117.29		28

		S		175.6		28

		H		111.52		28

		H		151.72		28

		H		136.16		28

		S		181.86		29

		S		152.27		29

		H		94.02		29

		S		143.99		29

		S		152.55		29

		S		144.93		29

		H		116.55		29

		S		152.28		29

		S		182.45		29

		S		159.88		29

		S		152.54		29

		S		144.87		29

		S		183.91		29

		S		148.76		29

		H		91.3		29

		 		H		129.46		29

		H		107.16		29

		H		134.77		29

		S		139.7		29

		H		132.04		29

		S		160.76		29

		S		154.25		29

		H		96.86		29

		S		149.62		29

		S		166.87		29

		H		108.63		29

		S		169.2		29

		H		66.34		29

		S		191.06		29

		H		71.55		29

		H		94.02		29

		S		159.88		29

		S		190.61		29

		H		85.9		29

		S		135.5		29

		S		211.55		29

		H		140.46		29

		S		161.11		29

		S		148.92		29

		H		129.06		29

		S		172.66		29

		S		159.25		29

		S		159.68		29

		H		109.53		29

		H		105.87		29

		H		79.82		29

		H		147.51		29

		S		183.64		29

		H		89.61		29

		152.98		29

		H		113.27		29

		H		91.08		29

		H		86.55		29

		S		136.02		30

		S		134.31		30

		S		157.96		30

		S		189.31		30

		S		132.75		30

		H		123.16		30

		S		134.84		30

		S		173.19		30

		H		103.68		30

		S		189.36		30

		S		162.63		30

		S		153.96		30

		H		101.32		30

		S		190.27		30

		H		89.8		30

		S		189.12		30

		S		153.53		30

		H		76.19		30

		S		118.29		30

		H		96.78		30

		S		145.87		30

		S		152.21		30

		S		154.43		30

		H		92.6		30

		S		155.47		30

		H		95.98		30

		H		103.31		30

		S		183.07		30

		S		137.86		30

		H		122.98		30

		S		128.7		30

		H		93.63		30

		S		183.92		30

		S		159.28		30

		H		88.86		30

		S		168.52		30

		S		130.58		30

		H		104.24		30

		S		164.82		30

		S		174.76		30

		S		134.45		30

		H		124.6		30

		S		179.27		30

		H		81.94		30

		H		104.46		30

		H		87.51		30

		S		177.64		30

		S		167.95		30

		S		110.17		30

		S		128.85		30

		S		164.8		30

		S		121.13		30

		H		118.02		30

		H		122.65		31

		H		87.34		31

		H		110.35		31

		S		142.77		31

		H		114.31		31

		S		141.2		31

		H		78.39		31

		S		172.21		31

		H		87.36		31

		S		118.9		31

		S		175.71		31

		S		166.38		31

		H		92.26		31

		S		139.33		31

		H		113		31

		H		131.47		31

		S		216.49		31

		S		146.86		31

		S		189.54		31

		S		151.37		31

		H		119.57		31

		H		131.46		31

		H		119.67		31

		H		83.41		31

		 		H		146.65		31

		H		133.05		31

		H		130.32		31

		H		115.47		31

		H		129.31		31

		S		192.6		31

		S		137.93		31

		H		127.04		31

		H		96.71		31

		S		156.21		31

		S		153.47		31

		H		115.14		31

		S		144.76		31

		H		85.81		31

		S		152.72		31

		S		155.6		31

		S		133.83		31

		H		86.7		31

		H		141.98		31

		H		97.96		31

		H		75.13		31

		H		101.16		31

		H		120.45		31

		S		158.28		31

		H		111.5		31

		H		134.39		31

		S		156.46		31

		H		131.36		31

		S		144.16		31

		S		131.9		31

		H		114.74		31

		H		132.31		31

		H		108.96		31

		S		137.18		31

		S		136.78		31

		H		98.39		31

		H		109.65		31

		S		211.32		31

		S		154.04		31

		S		176.86		32

		H		173.66		32

		H		152.2		32

		H		147.38		32

		H		102.01		32

		H		122.17		32

		 		H		116.08		32

		S		175.84		32

		H		117.78		32

		S		174.67		32

		H		102.41		32

		H		79.98		32

		H		126.02		32

		H		86.28		32

		H		116.39		32

		H		117.05		32

		H		128.35		32

		S		152.14		32

		S		171.23		32

		H		152.23		32

		H		142.81		32

		H		133.11		32

		S		165.49		32

		H		126.35		32

		H		108.41		32

		S		157.56		32

		H		137.53		32

		H		95.99		32

		H		105.82		32

		H		130.74		32

		S		146.28		32

		H		91.48		32

		H		87.44		32

		H		119.09		32

		S		159.89		32

		S		188.68		32

		H		122.99		32

		H		94.35		32

		H		123.49		32

		H		142.92		32

		H		33.24		32

		H		135.5		32

		H		160.17		32

		H		121.11		32

		H		130.98		33

		S		143.73		33

		S		156.04		33

		S		186.37		33

		S		160		33

		139.72		33

		H		154.75		33

		S		160		33

		H		128.24		33

		H		84.98		33

		S		139.92		33

		S		151.36		33

		S		146.01		33

		H		120.99		33

		H		86.34		33

		H		126.38		33

		S		156.54		33

		H		121.95		33

		H		133.7		33

		S		145.6		33

		H		95.05		33

		S		165.78		33

		H		92.08		33

		H		100.55		33

		H		111.52		33

		H		135.4		33

		H		121.72		33

		83.43		33

		H		113.8		33

		H		122.27		33

		H		134.16		33

		H		145.42		33

		H		134.23		33

		S		142.47		33

		H		117.27		33

		S		152.81		33

		H		140.2		33

		S		145.24		33

		S		137.72		33

		S		195.94		33

		H		110.83		33

		S		171.29		33

		H		97		33

		S		160.99		33

		H		122.62		33

		H		137.8		33

		H		107.36		33

		H		113.27		33

		S		182.6		33

		H		130.6		33

		H		116.99		33

		H		80.43		33

		S		153.67		33

		H		137.69		33

		H		72.05		34

		S		128.09		34

		H		99.01		34

		H		122.32		34

		S		165.36		34

		H		84.01		34

		H		109.86		34

		S		171.72		34

		S		158.69		34

		S		166.3		34

		S		131.79		34

		S		122.07		34

		S		184.46		34

		S		123.59		34

		S		151.21		34

		H		103.89		34

		H		118.07		34

		S		124.65		34

		S		158.66		34

		S		133.77		34

		S		155.76		34

		H		121.09		34

		S		130.57		34

		S		181.92		34

		H		90.96		34

		H		109.25		34

		S		144.33		34

		H		90.01		34

		S		148.98		34

		S		126.87		34

		S		163.85		34

		S		157.57		34

		H		138.77		34

		S		144.31		34

		H		118.59		34

		S		129.11		34

		H		84.55		34

		H		107.29		34

		H		75.86		34

		S		131.72		34

		H		100.87		34

		H		100.73		34

		S		141.63		34

		S		182.65		34

		S		135.9		34

		S		129.88		34

		H		95.26		34

		S		153.11		34

		H		119.44		34

		S		149.4		34

		S		139.41		34

		H		119.22		35

		H		108.51		35

		H		134.54		35

		H		121.73		35

		H		95.54		35

		S		163.77		35

		H		131.2		35

		H		107.59		35

		H		85.72		35

		H		135.79		35

		S		169.9		35

		H		135.61		35

		S		163.32		35

		H		169.29		35

		H		147.12		35

		H		100.21		35

		H		113.27		35

		H		111.76		35

		H		114.11		35

		H		154.52		35

		H		146.08		35

		H		155.77		35

		H		148.35		35

		H		91.65		35

		H		131.12		35

		H		94.53		35

		H		125.87		35

		S		202.69		35

		H		117.75		35

		H		107.14		35

		H		98.4		35

		H		104.22		35

		H		77.26		35

		H		105.2		35

		H		110.27		35

		H		125.86		35

		H		98.5		35

		H		144.45		35

		H		89.12		35

		H		51.67		35

		H		82.98		35

		H		85.71		35

		S		182.19		35

		H		160.26		35

		H		93.34		35

		H		127.45		36

		S		174.57		36

		H		149.66		36

		S		168.34		36

		S		156.64		36

		H		131.26		36

		H		61.84		36

		H		105.22		36

		 		H		125.51		36

		S		190.02		36

		H		112.79		36

		S		163.25		36

		H		128.6		36

		H		137.39		36

		H		76.42		36

		H		145.48		36

		H		117.48		36

		H		149.36		36

		S		234.75		36

		H		143.99		36

		H		160.14		36

		H		136.58		36

		H		135.63		36

		H		101.84		36

		H		116.7		36

		H		137.19		36

		H		131.4		36

		H		100.94		36

		S		160.9		36

		H		131.92		36

		H		81.86		36

		H		98.82		36

		S		173.45		36

		H		135.89		36

		H		139.46		36

		H		139.34		36

		S		202.66		36

		H		104.9		36

		H		94.12		36

		S		165.38		36

		H		135.67		36

		S		172.34		36

		H		123.44		36

		H		149.68		36

		H		113.39		36

		H		159.32		37

		H		117.26		37

		H		170.12		37

		H		106.73		37

		120.99		37

		H		163.55		37

		H		148.71		37

		138.7		37

		S		175.49		37

		H		93.19		37

		H		121.07		37

		H		139.81		37

		S		183.64		37

		H		121.64		37

		H		119.07		37

		H		126.83		37

		H		133.57		37

		S		149.54		37

		H		118.35		37

		H		128.56		37

		H		139.7		37

		S		176.29		37

		S		185.6		37

		S		154.98		37

		H		160.19		37

		S		187.57		37

		H		129.04		37

		H		109.23		37

		H		139.2		37

		S		162.71		37

		H		116.93		37

		H		143.53		37

		H		154.47		37

		H		97.03		37

		H		55.02		37

		H		128.31		37

		H		121.39		37

		S		173.36		37

		H		134.27		37

		H		154.4		37

		H		124.5		37

		H		161.52		37

		H		145.51		37

		H		116.37		37

		S		166.78		37

		H		118.74		37

		H		104.21		37

		H		158.23		37

		S		170.96		37

		H		105.16		37

		H		128.39		37

		H		154.21		37

		H		95.68		37

		H		140.91		37

		H		113.89		37

		H		133.08		37

		H		132.1		37

		H		133.97		37

		H		170.15		37

		S		151.07		38

		S		154.28		38

		S		153.86		38

		S		154.23		38

		S		126.57		38

		S		136.42		38

		S		135.83		38

		S		129.06		38

		S		163.27		38

		H		110.43		38

		H		130.15		38

		S		189.15		38

		S		147.37		38

		S		135.61		38

		S		119.71		38

		H		117.59		38

		H		41.62		38

		S		129.53		38

		S		126.58		38

		S		177.2		38

		S		134.55		38

		S		169.21		38

		S		170.79		38

		S		131.35		38

		S		136.61		38

		S		168.41		38

		S		131.14		38

		S		174.23		38

		S		158.73		38

		S		154.76		38

		S		175.63		38

		S		146.72		38

		S		158.3		38

		S		207.88		38

		S		123.63		38

		S		160.88		38

		S		135.74		38

		H		91.69		38

		H		122.29		38

		H		108.22		38

		S		129.83		38

		H		110.68		38

		S		141.96		38

		169.6		38

		S		156.78		38

		H		95.46		38

		S		166.15		38

		S		158.54		38

		S		188.94		38

		H		103.59		38

		S		122.13		38

		H		131.14		38

		 		H		135.71		39

		H		101.27		39

		H		125.8		39

		S		151.82		39

		H		58.12		39

		S		161.33		39

		S		148.39		39

		S		170.14		39

		H		105.51		39

		H		126.62		39

		S		153.6		39

		H		70.89		39

		H		137.95		39

		S		137.21		39

		H		122.97		39

		S		194.2		39

		H		71.76		39

		S		159.44		39

		S		142.13		39

		S		159.76		39

		H		108.43		39

		S		150.47		39

		S		154.53		39

		H		87.15		39

		H		121.74		39

		H		99.55		39

		H		107.17		39

		S		164.41		39

		H		130.66		39

		S		207.08		39

		S		150.38		39

		H		99.98		39

		H		131.95		39

		H		71.59		39

		H		115.17		39

		H		102.22		39

		S		158.82		39

		 		H		123.48		39

		S		194.99		39

		S		180.29		39

		H		133.32		39

		H		92.52		39

		H		105.56		39

		H		89.83		39

		S		136.53		39

		H		133.64		39

		H		140.99		39

		H		118.44		39

		S		175.28		39

		H		112.58		40

		H		109.14		40

		S		116.27		40

		S		150.45		40

		H		95.09		40

		S		100.51		40

		H		100.09		40

		S		152.3		40

		S		158.07		40

		H		59.38		40

		H		126.06		40

		H		73.63		40

		H		91.74		40

		S		149.73		40

		S		144.28		40

		H		113.92		40

		H		109.38		40

		S		167.86		40

		H		74.56		40

		108.58		40

		S		187.26		40

		S		200.06		40

		S		154.38		40

		S		150.11		40

		S		191.7		40

		S		188.43		40

		S		203.39		40

		128.5		40

		S		156.35		40

		H		104.48		40

		H		110.35		40

		H		61.71		40

		S		147.64		40

		S		108.65		40

		H		138.29		40

		S		132.19		40

		S		160.66		40

		S		197.8		40

		H		115.13		40

		H		101.84		40

		S		186.64		40

		S		148.57		40

		H		92.84		40

		S		182.09		40

		H		64.08		40

		H		117.69		41

		H		149.53		41

		H		126.17		41

		H		140.25		41

		H		126.1		41

		H		170.54		41

		S		178.44		41

		H		118.77		41

		S		167.67		41

		H		142.45		41

		S		196.95		41

		S		176.43		41

		S		187.93		41

		H		131.58		41

		H		126.1		41

		S		154.37		41

		H		92.72		41

		H		142.07		41

		H		144		41

		H		125.98		41

		H		116.22		41

		H		110.25		41

		H		158.8		41

		H		103.14		41

		H		97.39		41

		H		124		41

		H		144.48		41

		H		136.35		41

		H		131.93		41

		S		165.85		41

		H		160.63		41

		H		108.36		41

		H		146.16		41

		H		128.92		41

		H		126.72		41

		S		152.81		41

		H		91.19		41

		H		147.46		41

		H		118.46		41

		S		172.08		41

		H		163.62		41

		H		121.08		41

		H		108.57		41

		H		139.18		41

		H		149.46		41

		S		164.81		41

		H		131.98		41

		S		162		42

		S		187.8		42

		S		132.58		42

		H		108.32		42

		H		91.88		42

		S		144.3		42

		S		135.8		42

		H		86.27		42

		S		155.68		42

		H		91.28		42

		S		182.04		42

		H		103.93		42

		H		115.67		42

		H		117.07		42

		S		128.85		42

		S		131.48		42

		H		108.26		42

		S		151.36		42

		S		137.69		42

		H		104.82		42

		S		138.85		42

		S		131.13		42

		S		137.64		42

		S		145.74		42

		S		140.25		42

		S		134.18		42

		S		136.63		42

		S		217.15		42

		S		168.81		42

		H		116.65		42

		S		152.82		42

		S		179.77		42

		H		105.46		42

		S		101.94		42

		S		208.48		42

		S		188.74		42

		S		121.84		42

		S		169.54		42

		H		120.74		42

		S		118.19		42

		H		96.13		42

		H		69.63		42

		S		140.94		42

		S		125.66		42

		H		112.8		42

		S		149.31		42

		S		133.73		42

		H		114.68		42

		S		173.44		42

		H		113.5		42

		S		128.25		42

		H		98.47		42

		S		129.81		42

		S		143.15		42

		H		104.96		42

		S		165.79		42

		S		159.38		42

		S		146.65		42

		H		110.89		42

		H		103.37		43

		S		171.48		43

		H		97.47		43

		S		180.12		43

		H		124.53		43

		S		137.41		43

		S		176.24		43

		H		118.35		43

		H		117.01		43

		H		125.73		43

		S		138.32		43

		H		126.13		43

		S		176.33		43

		H		111.2		43

		H		116.17		43

		H		132.97		43

		H		79.95		43

		H		105.27		43

		S		155.86		43

		S		175.92		43

		S		157.27		43

		S		181.28		43

		H		135.69		43

		S		203.48		43

		H		126.46		43

		S		154.55		43

		H		105.19		43

		S		141.47		43

		S		164.7		43

		H		134.29		43

		H		134.4		43

		S		167.93		43

		H		84.78		43

		H		132.71		43

		H		115.57		43

		S		154.96		43

		 		H		120.72		43

		S		160.27		43

		S		168.24		43

		S		162.31		43

		H		126.6		43

		S		150.49		43

		H		124.32		43

		S		131.74		43

		S		157.48		43

		S		160.79		43

		S		202.19		44

		H		113.02		44

		H		148.15		44

		H		124.97		44

		108.59		44

		H		116.84		44

		135.41		44

		S		163.78		44

		H		101.22		44

		H		122.01		44

		H		125.35		44

		S		198.08		44

		H		115.53		44

		H		141.73		44

		H		85.77		44

		H		129.26		44

		H		107.64		44

		H		155.43		44

		H		115.96		44

		H		109.78		44

		H		142.84		44

		 		H		143.76		44

		S		160.36		44

		H		124.2		44

		S		146.02		44

		H		151.31		44

		H		141.69		44

		H		92.76		44

		H		102.86		44

		H		131.05		44

		H		150.36		44

		H		127.6		44

		H		135.12		44

		H		159.95		44

		H		143.34		44

		H		113.11		44

		H		130.8		44

		H		147.78		44

		H		92.43		44

		H		131.12		44

		S		202.03		44

		H		72.81		45

		S		168.1		45

		H		122.7		45

		H		131.62		45

		H		135.32		45

		S		190.52		45

		H		149.23		45

		H		114		45

		H		161.26		45

		S		179.71		45

		H		121.25		45

		H		148.61		45

		H		102.68		45

		H		136.41		45

		S		191.89		45

		S		190.86		45

		H		113.85		45

		H		161.32		45

		H		168.37		45

		H		68.82		45

		H		92.5		45

		S		175.05		45

		H		136.49		45

		H		151.41		45

		H		116.39		45

		S		171.19		45

		H		119.84		45

		H		120.81		45

		H		98.04		45

		H		102.68		45

		H		116.73		45

		H		110.33		45

		H		95		45

		S		171.43		45

		H		131.25		45

		H		147.81		45

		H		101.64		45

		H		131.67		45

		H		60.47		45

		S		169.75		45

		S		192.91		45

		H		96.03		45

		H		156.18		45

		H		126.05		45

		H		122.92		45

		H		141.88		45

		H		120.09		45

		S		177.68		45

		H		154.09		45

		H		152.71		45

		H		137.65		45

		H		112.03		46

		H		106.81		46

		S		123.42		46

		S		138.84		46

		S		126.2		46

		H		101.58		46

		S		152.87		46

		H		117.48		46

		H		93.06		46

		H		91.83		46

		S		153.33		46

		H		113.86		46

		H		79.3		46

		H		112.01		46

		S		188.16		46

		S		173.75		46

		H		113.55		46

		S		199.2		46

		S		121.74		46

		S		162.63		46

		S		149.17		46

		S		126.65		46

		S		163.94		46

		H		131.38		46

		H		126.77		46

		S		148.82		46

		S		124.26		46

		H		109.66		46

		H		111.91		46

		S		156.7		46

		S		150.5		46

		S		148.51		46

		S		193.68		46

		S		167.69		46

		S		144.29		46

		H		90.83		46

		S		151.07		46

		S		128.49		46

		S		138.49		46

		S		122.98		46

		S		138.57		46

		H		118.16		46

		S		156.53		46

		S		127.94		46

		H		103.93		46

		S		139.96		46

		S		149.64		46

		157.47		46

		S		119.85		46

		S		132.76		46

		S		151.34		46

		S		151.14		46

		H		133.3		47

		S		183.52		47

		S		170.77		47

		S		170.6		47

		H		107.1		47

		 		H		134.04		47

		H		116.76		47

		S		157.48		47

		H		133.06		47

		H		101.24		47

		H		153.91		47

		H		138.07		47

		S		182.18		47

		H		115.9		47

		H		103.91		47

		H		115.09		47

		H		95.58		47

		S		178.63		47

		H		133.49		47

		H		120.33		47

		H		94.8		47

		H		114.04		47

		H		158.59		47

		H		109.06		47

		S		197.97		47

		S		159		47

		S		229.07		47

		H		93.42		47

		H		88.61		47

		S		169.96		47

		H		59.34		47

		H		124.35		47

		H		102.57		47

		H		119.38		47

		H		94.39		47

		H		73.06		47

		H		121.63		47

		 		H		138.89		47

		H		125.43		47

		H		123.25		47

		H		137.69		47

		H		139.21		47

		H		130.33		47

		S		192.69		47

		H		154.48		47

		H		132.32		47

		H		77.79		47

		H		69		47

		H		134.19		47

		H		99.72		47

		H		122.82		47

		S		165.1		47

		H		152.94		47

		S		167.65		47

		H		129.88		47

		H		94.94		47

		H		153.85		47

		81.4		47

		H		88.7		47

		H		113.46		47

		H		25.83		47

		H		155.78		47

		H		145.38		48

		S		147.39		48

		H		83.67		48

		H		139.84		48

		S		146.89		48

		S		163.14		48

		152.46		48

		H		83.74		48

		S		146.35		48

		H		106.88		48

		H		94.05		48

		S		149.8		48

		H		88.25		48

		H		111.58		48

		H		130.34		48

		H		116.91		48

		H		121.5		48

		H		122.05		48

		S		153.9		48

		H		131.77		48

		H		129.76		48

		S		149.96		48

		H		104.48		48

		H		107.45		48

		H		109.18		48

		H		79.8		48

		S		147.49		48

		H		97.25		48

		H		132.28		48

		S		146.52		48

		S		153.33		48

		 		S		144.91		48

		H		109.51		48

		S		138.51		48

		H		103.58		48

		H		108.62		48

		H		80.79		48

		H		143.47		48

		H		96.5		48

		H		113.67		48

		H		118.44		48

		H		135.1		48

		H		94.32		48

		S		202.8		48

		S		139.08		48

		H		115.67		48

		S		181.13		48

		S		146.49		48

		S		182.4		48

		H		116.3		48

		S		152.53		48

		H		71.19		48

		H		86.92		48

		H		110.48		49

		S		175.96		49

		H		148.53		49

		S		149.51		49

		S		166.5		49

		H		128.39		49

		H		114.11		49

		H		138.17		49

		H		104.41		49

		S		180.28		49

		H		141.19		49

		H		118.15		49

		H		125.5		49

		H		126.01		49

		H		140.56		49

		H		135.68		49

		H		101.73		49

		H		134.56		49

		H		141.81		49

		S		164.75		49

		H		118.49		49

		S		178.68		49

		S		168.15		49

		H		133.82		49

		H		132.9		49

		H		133.04		49

		H		112.84		49

		H		137.2		49

		H		114.55		49

		H		142.75		49

		H		145.16		49

		H		106.56		49

		H		129.6		49

		H		150.29		49

		H		115.45		49

		H		123.34		49

		H		140.28		49

		H		103.74		49

		H		96.71		49

		H		154.12		49

		H		140.79		49

		H		135.72		50

		S		167.77		50

		H		126.63		50

		S		188.83		50

		H		131.29		50

		H		68.36		50

		S		155.91		50

		H		68.01		50

		H		126.58		50

		H		146.84		50

		H		160.78		50

		H		119.26		50

		H		158.85		50

		H		147.46		50

		H		124.23		50

		H		97.63		50

		H		150.98		50

		H		121.69		50

		S		151.91		50

		H		105.65		50

		H		154.85		50

		H		157.18		50

		H		72.88		50

		H		121.11		50

		H		146.08		50

		H		113		50

		S		181.97		50

		S		168.56		50

		H		129.84		50

		H		97.73		50

		H		140.72		50

		H		96.94		50

		H		134.19		50

		H		151.42		50

		H		79.87		50

		H		149.03		50

		H		126.45		50

		H		139.13		50

		H		111.33		50

		S		180.08		50

		H		140.15		50

		S		174.5		50

		H		152.82		50

		H		138.97		50

		S		155.86		51

		H		143.46		51

		S		236.57		51

		H		106.44		51

		H		71.52		51

		S		150.07		51

		H		99.21		51

		H		125.07		51

		H		111.03		51

		S		167.31		51

		H		75.37		51

		S		166.52		51

		S		182.68		51

		S		138.65		51

		S		162.67		51

		H		132.92		51

		H		76.37		51

		S		178.17		51

		S		144.25		51

		S		185.8		51

		H		133.76		51

		S		181.09		51

		S		174.43		51

		S		179.57		51

		S		183.93		51

		H		105.95		51

		S		164.73		51

		S		154.89		51

		H		117.18		51

		H		120.88		51

		H		118.62		51

		S		169.55		51

		S		141.68		51

		H		117.62		51

		S		179.03		51

		H		126.13		51

		H		148.44		51

		H		145.79		51

		S		157.4		51

		S		159.12		51

		H		131.12		51

		H		132.3		51

		H		100.53		51

		S		148.29		51

		H		154.3		51

		H		145.41		51

		H		113.63		51

		H		127.43		51

		S		153.83		51

		H		75.74		51

		H		81.98		51

		H		142.99		51

		H		107.98		51

		S		149.69		51

		S		144.26		51

		H		133.81		51

		S		142.94		51

		H		107.56		51

		H		138.87		51

		H		117.01		51

		H		96.1		51

		 		S		180.86		51

		H		81.11		52

		H		127.16		52

		H		144.75		52

		H		127.84		52

		H		117.23		52

		H		152.72		52

		S		185.13		52

		S		168.22		52

		H		129.26		52

		H		125.65		52

		H		125.15		52

		S		161.68		52

		H		114.91		52

		S		165.64		52

		H		91.11		52

		H		138.64		52

		H		103.91		52

		H		85.76		52

		H		106.28		52

		S		170.45		52

		H		107.57		52

		H		111.42		52

		S		189.64		52

		 		H		153.17		52

		S		163.15		52

		S		169.18		52

		S		159.43		52

		H		126.31		52

		H		143.11		52

		H		156.25		52

		H		129.92		52

		H		138.98		52

		108.49		52

		H		146.65		52

		H		112.17		52

		H		98.35		52

		H		151.16		52

		H		148.93		52

		H		139.46		52

		S		154.39		52

		H		81.68		52

		H		136.14		52

		H		125.62		52

		H		121.93		52

		S		138.37		53

		S		134.36		53

		S		151.52		53

		S		145.17		53

		S		167.01		53

		S		129.5		53

		H		111.13		53

		S		126.37		53

		S		140.32		53

		S		169.52		53

		H		88.07		53

		S		147.88		53

		S		124.79		53

		S		169.46		53

		H		106.91		53

		S		138.61		53

		H		110.37		53

		S		136.88		53

		S		142.35		53

		S		137.75		53

		S		194.2		53

		S		200.5		53

		S		142.6		53

		H		135.55		53

		S		162.64		53

		S		178.19		53

		H		117.51		53

		 		S		162.84		53

		H		87.32		53

		H		116.68		53

		H		68.48		53

		H		89.79		53

		S		131.49		53

		S		138		53

		S		180.54		53

		S		193.39		53

		S		134.6		53

		S		167.49		53

		H		105.22		53

		S		144.68		54

		H		127.24		54

		S		170.47		54

		H		130.14		54

		S		171.37		54

		H		129.08		54

		S		157.59		54

		S		178.71		54

		S		141.17		54

		S		156.39		54

		H		89.68		54

		H		142.36		54

		H		95.14		54

		S		125.45		54

		S		145.73		54

		S		178.16		54

		H		101.35		54

		H		118.92		54

		H		129.86		54

		H		133.49		54

		H		103.93		54

		H		143.57		54

		H		117		54

		S		174.36		54

		S		162.07		54

		S		148.73		54

		S		183.66		54

		H		131.64		54

		S		174.95		54

		H		118.99		54

		S		144.43		54

		H		96.23		54

		H		100.45		54

		H		90.74		54

		H		111.5		54

		H		90.99		54

		S		174.74		54

		H		113.52		54

		S		165.8		54

		H		120.43		54

		S		164.13		54

		H		112.99		54

		H		113.11		54

		H		143.59		54

		148.16		54

		H		131.53		54

		H		106.68		54

		H		97.46		54

		S		160.42		54

		S		133.59		54

		H		115.36		54

		S		179.59		54

		S		177.23		54

		H		140.49		54

		H		105.34		55

		H		100.23		55

		H		132.04		55

		S		218.18		55

		H		129.88		55

		H		138.02		55

		S		161.89		55

		H		96.62		55

		H		127.61		55

		S		126.21		55

		S		153.72		55

		S		156.82		55

		S		155.94		55

		H		58.39		55

		S		161.16		55

		H		130.88		55

		H		129.8		55

		H		126.42		55

		S		160.61		55

		S		159.9		55

		S		140.89		55

		H		117.5		55

		S		204.43		55

		H		112.11		55

		H		151.64		55

		H		101.19		55

		H		111.71		55

		H		137.11		55

		S		152.39		55

		H		110.06		55

		H		130.18		55

		H		127.19		55

		H		102.52		55

		H		135.05		55

		S		145.75		55

		H		100.24		55

		S		136.78		55

		H		101.75		55

		H		119.85		55

		H		128.2		55

		S		177.72		55

		H		126.76		55

		S		167.62		55

		S		156.29		55

		H		111.37		55

		H		87.33		55

		S		158.74		55

		108.39		55

		H		140.19		55

		S		157.03		56

		S		118.38		56

		S		137.42		56

		H		96.36		56

		S		140.8		56

		S		133.3		56

		S		160.68		56

		H		130.15		56

		S		129.35		56

		H		126.32		56

		H		129.09		56

		H		109.23		56

		S		212.09		56

		S		121.16		56

		H		81.76		56

		S		188.44		56

		S		146.63		56

		H		112.29		56

		S		158.83		56

		H		82.17		56

		H		104.21		56

		S		187.08		56

		S		156.34		56

		S		139.85		56

		S		125.66		56

		H		95		56

		S		184.22		56

		S		129.44		56

		S		166.46		56

		S		124.35		56

		S		216.65		56

		H		81.58		56

		H		116.75		56

		S		178.56		56

		H		77.66		56

		S		124.06		56

		S		137.93		56

		H		101.68		56

		H		74.28		56

		S		113.45		56

		S		160.14		56

		H		112.84		56

		S		160.16		56

		H		105		56

		S		139.31		56

		S		147.93		56

		S		149.64		56

		S		156.66		56

		S		139.14		56

		H		152.2		57

		H		149.21		57

		S		158.4		57

		H		95.25		57

		H		139.22		57

		H		93.57		57

		H		136.04		57

		H		149.33		57

		H		156.24		57

		H		117.95		57

		H		99.13		57

		S		165.56		57

		S		200.72		57

		H		138.14		57

		S		167.62		57

		H		108.69		57

		H		98.22		57

		H		118.32		57

		H		142.03		57

		H		108.44		57

		 		H		124.52		57

		H		133.84		57

		H		139.1		57

		S		166.26		57

		H		119.57		57

		H		147.04		57

		H		130.68		57

		H		129.51		57

		H		96.55		57

		H		154.02		57

		 		H		141.51		57

		H		108.8		57

		H		114.82		57

		H		99.57		57

		H		154.84		57

		H		115.43		57

		H		121.05		57

		H		140.64		57

		S		157.42		57

		H		132.25		57

		H		131.22		57

		S		163.39		57

		H		132.18		57

		H		114.81		57

		H		135.72		57

		H		144.28		57

		S		166.11		58

		H		146.35		58

		H		156.64		58

		S		183.63		58

		S		165.38		58

		H		150.92		58

		S		169.66		58

		H		161.49		58

		S		198.68		58

		H		161.41		58

		H		137.49		58

		H		137.55		58

		H		138.31		58

		S		182.15		58

		S		169.53		58

		H		114.65		58

		H		114.65		58

		H		137.63		58

		S		186.71		58

		H		159.63		58

		H		139.92		58

		H		120.51		58

		H		144.89		58

		H		132.27		58

		H		159.21		58

		H		131.21		58

		H		145.87		58

		H		143.91		58

		S		181.94		58

		H		140.69		58

		H		82.05		58

		S		155.12		58

		H		138.09		58

		H		156.36		58

		H		96.87		58

		H		143.54		58

		H		95.71		58

		H		119.67		58

		H		146.5		58

		S		159.52		58

		H		119.85		58

		H		138.83		58

		H		58.2		58

		H		149.71		58

		H		122.62		58

		S		175.62		58

		H		129.33		58

		H		102.62		58

		H		124.17		58

		S		163.53		58

		S		143.98		58

		H		115.75		58

		H		143.84		58

		H		141.9		58

		H		97.08		58

		H		120.28		58

		H		90.11		58

		S		183.86		58

		H		143.52		58

		H		107.5		58

		H		129.72		59

		S		187.28		59

		S		171.07		59

		H		128.5		59

		H		121.47		59

		H		77.35		59

		H		61.81		59

		H		97.52		59

		H		118.22		59

		H		89.93		59

		H		100.05		59

		H		132.61		59

		S		164.3		59

		H		114.39		59

		S		174.13		59

		S		199.99		59

		H		120.25		59

		S		144.17		59

		 		S		150.78		59

		S		146.7		59

		H		126.96		59

		H		76.14		59

		H		103.21		59

		H		131.74		59

		S		155.05		59

		H		97.37		59

		H		110.22		59

		S		189.28		59

		H		157.27		59

		S		145.92		59

		S		134.45		59

		S		148.27		59

		S		164.05		59

		S		148.94		59

		S		206.78		59

		S		134.46		59

		S		154.69		59

		H		137.3		59

		H		86.43		59

		S		154.09		59

		H		114.15		59

		S		219.16		59

		S		166.74		59

		H		132.76		59

		H		130.7		59

		S		136.88		59

		S		153.94		60

		H		106.93		60

		H		68.48		60

		S		126.66		60

		H		130.41		60

		H		136.51		60

		H		125.86		60

		H		129.69		60

		H		132.56		60

		S		143.58		60

		S		147.24		60

		H		94.67		60

		H		78.4		60

		S		164.54		60

		H		100.58		60

		H		150.83		60

		H		89.03		60

		H		89.6		60

		H		99.82		60

		H		114.92		60

		H		121.37		60

		H		121.12		60



