























































































































We use this objective function to get the optimized degrees of freedom. For
Zhenya2, the optimized degrees of freedom is 16.41 shown in Figure 3.6. We can
see the advantage of optimizing the degrees of freedom by comparing Figure 3.2 and
Figure 3.7. The spline line fitting the data in Figure 3.7 is better than the one in
Figure 3.2 with df == 5 and the derivative is smoother than the one in Figure 3.2 with
df = 65.1. We think that the degrees of freedom obtained by minimizing this objective
function works well for balancing the fit of the spline to the data and smoothness of the
first derivative plot. In our study, we only use one method to define the constant C.
For different C, the optimized degrees of freedom could be different. We will discuss
this further in Chapter 5.

We use the minimum degrees of freedom to the samspline function. Table 3.5 shows
the output of 12 comparisons for Affy datasets and Table 3.4 shows the output of 6
comparisons for Illumina datasets. As we see from Tables 3.4 and 3.5, almost all the
minimum degrees of freedom are reasonably small compared to the CVdf which means
the objective function works well in finding a suitable degrees of freedom for all the
datasets. The FDRs are in the reasonable range too. The figures for most of the real
datasets look similar to Figure 3.7. But we still get some figures like Figures 3.8 and
3.9. Our guess is that this is due to the dataset itself. For some datasets, it is possible

to have none or a very large number of significant genes.
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data set | dfmin | Num.Sig | FDR | C | CVdf

illutanyal | 15.34 86 1 309.29 | 71.34
illutanya2 | 14.93 120 1 322.83 | 66.297
illutanyad | 12.33 210 0.3668 | 43.66 | 71.857
illutanya4 | 10.26 67 0.3697 | 42.37 | 70.313
illutanyab | 10.88 24 1 47.65 | 73.452
illutanya6 | 18.66 698 0.3807 | 10.81 | 65.447

Table 3.4: Partial output for Illumina data sets with cutoff=3

data set | dfmin | Num.Sig | FDR C | cvdf

Zhenyal | 12.84 226 0.06099 | 66.16 | 72.60
Zhenya2 | 16.41 42 0.3934 | 234.44 | 65.10
Zhenya3 | 17.52 7 0.05188 | 178.35 | 79.39
Zhenyad | 12.82 38 0.2921 | 86.69 | 63.65
Zhenyab | 12.66 98 0.06362 | 147.36 | 66.64
Zhenya6 | 13.38 207 0.2117 | 57.16 | 61.64
Zhenya7 | 24.12 17 0.1438 | 101.33 | 70.13
Tanyal | 17.77 1 0.01878 | 97.93 | 99.87
Tanya2 | 21.44 1 0.01285 | 44.10 | 101.73
Tanya3 | 14.65 28 0.06599 | 83.93 | 81.38
Tanya4 | 21.53 21 0.1524 | 446.77 | 70.00
Tanyad | 24.05 ) 0.2005 | 567.14 | 85.25

Table 3.5: Partial output for Affy data sets with cutoff=3

32



Number Significant= 2; Mean FDR = 262 % ;

g Cutlow = -Inf; Cutup = 8.467
. -
o T
2w
= .
@
[T
b=l
g o]
8 5oy T T T T T T
8 3 2 1 (4] 1 2 3
Expected Relative Difference
Cutofftakentobe 3
'3
= b= _——
w
g -t
E S
o
g o]
[ - T T T T T T
-3 -2 -1 4] 1 2 3
Expected Relative Difference
Number Significant= 28 ; Mean FDR = 41.96 % ;
Cutiow = -2.537 ; Cutup= 1.818
24

45 5 5
11111

Observed Relative Difference

Expected Relative Difference

Cutofftaken tobe 3

2

3 2-

g =4

w

S w

@

o

2 s \l——-———-—w

w T T T T T T T
3 -2 -1 8] 1 2 3

Expected Relative Difference

Figure 3.2: The SAM and derivative plots for Zhenya2 with df=5 and df=65.1.
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Figure 3.3: The plot of degrees freedom against the original objective function for
dataset Zhenyal2
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Figure 3.7: The output of function samspline for data set Zhenya2 with minimum
degrees of freedom
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Figure 3.3: The output of function samspline for data set Tanya2
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Number Significant= 698 ; Mean FDR = 38.07 % ;
Cutlow = -1.497; Cutup= 1.812
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Figure 3.9: The output of function samspline for Illumina data set illutanyab
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Chapter 4

Simulation

We are interested in significant genes. Using the method above, we did get some
significant genes. But we have no idea if they are really significant or not. We wish to

use a simulation study to test our method.

First we generase the data set. We use two ways to generate the data set. One
is using a t distribution with 3 degrees of freedom and the other is using a standard
normal distribution. For each distribution, we set two strains, strain 1 and strain 2
with 5 replicates each. Each sample has G = 10000 genes. For strain 1, the means
for the observations are p; and the standard deviations are o;, ¢ = 1,...,G, where
pi ~ Normal (5,1) and ¢? ~ x%. For strain 2, 95% of the observations have mean p;
and the standard deviations o; while 5% of them have mean p; + d; and the standard
deviations o;, where half of d; are —30; and half are 30;. These 5% of the observations
are differentially expressed marked by row numbers from 1 to Gy. The R code to
generate simulated data is given in Appendix E. Since we know which genes are truly

differentially expressed, we can calculate the real FDR to see if our method is accurate.
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We define the real DR as the ratio of the number of false significant genes and the
total number of significant genes. After we get the numbers of significant genes, we
calculate how many row numbers of the significant genes are greater than Gy, these
are false significant genes. The real FDR is this number divided by the total number

of significant genes.

The results below are based on a small simulation with 5 replicates and 100 per-
mutations. Table 4.1 lists the results for data simulated from a ¢ distribution with
3 degrees of freedom which is rescaled to have standard deviation equal to o;. with
G = 10000 and Gy = 500. For this data, we first set the cut off value equals to 3 and
found out the numbers of significant genes ranged from 700 to 800, which are much
higher than the number of truly significant genes and hence the real FDRs are very
high (i.e. 0.4). The estimated FDRs are extremely small (i.e. 0.03) which means they
badly underestimate the truth. Even when we increase the cut off value from 3 to 4,
the numbers of significant genes and the real FDR are still bigger than the number
of truly significant genes but lower than the ones with cut off value equal to 3. We
also find out that over 95% of the truly significant genes are included in the genes
calculated to be significant. This shows that our method is working well on selecting
significant genes. But also it selects some genes which are not significant to be sig-
nificant. Figure 4.1 shows the plots for ¢ distribution simulated data. The upper one
is the plot with the cut off value equal to 3 and the lower one with the cut off value
equal to 4. We notice that the SAM plot is similar to the real microarray data but the

derivative plot is different.

We think the FDR estimation problem may be caused by the ¢ distribution since

it is a heavy tailed distribution. To test this we also use the normal distribution to
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generate the simulated data. Table 4.2 shows the partial results for G = 10000 with
Go = 500 and G =: 20000 with Gy = 1000. We notice that the real FDR are still
high. We increase the gene numbers from 10000 to 20000, the results are similar.
Figure 4.2 shows the plots for normal distributed simulation data with G = 10000 and
20000 respectively. We can see that the derivative plot is quite different from the ones
using real data, especially in the tails. For most of the real datasets, the tails of the
derivative plots are going up not down. We conclude that since we can not get the
simulated data similar to the real data, our simulation study is not successful. We
conclude that further research is needed to generate simulated data which mimics real

microarray data.

cutoff=3 cutoff=4

dfmin | Num.Sig FDR RealFDR | Num.Sig FDR RealFDR

16.41 &39 0.0367  0.4291 662 0.0185  0.2885
19.38 &00 0.0302  0.4087 645 0.0167  0.2791
13.98 &72 0.0446  0.4426 668 0.0221  0.2889
15.38 &14 0.0345  0.4140 633 0.0179  0.2669

16.53 787 0.0301  0.3901 612 0.0156  0.2451

Table 4.1: Simulation study for t distribution with G = 10000 and Gy = 500 for
cutoff=8 and 4
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Figure 4.1: The figure for t distribution simulation data with G=10000 Go=500.
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Figure 4.2: The figure for normal distribution simulation data with cutoff=3.
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C=10000 G(=500 G=20000 G(=1000

Num.Sig FDR RealFDR | Num.Sig FDR RealFDR

333 0.0107  0.2744 1161 0.0131  0.2282
921 0.0106  0.1938 1063 0.0112  0.1797
672 0.0186  0.2842 1288  0.0176  0.2694
556 0.0119  0.1871 1121 0.0098  0.2096

582 0.0128  0.2216 1171 0.0144  0.2263

Table 4.2: Simulation study for Normal distribution with G = 10000 and 20000
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Chapter 5

Discussion and Future Work

In this thesis, we introduce a new method SAMSPLINE to select significant genes.
SAM methodology chooses the significance region based on the distance from the line
of slope 1 and the distances are the same for both positive and negative significance.
But the positive and negative significance could be different. Our method chooses
upper and lower significant cut off points directly from the derivative and declares
that any genes with their observed statistics greater than the upper cut-off are positive
significant and any genes with their observed statistics less than the lower cut-off
are negative significant. The biologist can use the list of significant genes for their
Type 1 Diabetes study. The objective of Type 1 Diabetes research is understand the
autoimmune resporse that results in the death of b-islet cells and to identify the genes

that control this process in mice models and in human patients.

We notice that we can get good results using this method for some datasets (say
Figure 3.7). But for some datasets we can not get good results since the derivative

plots are not as good as we expect (say Figure 3.8 and 3.9). Another thing is the
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value of cutoff horizontal line. As we can see from Figure 3.8, if we set the cutoff value
to be a fixed number, we have no idea if it is the best choice for different datasets.
Different datasets have different smoothing splines and the slopes of fitted splines are
different. If we set the cut off line equals to 3 for all datasets, it will affect the results.

But how to calculate the cutoff value?

We also considered an automatic method for calculating the cutoff value. First fit
a spline to the plot of the average of expected order statistics (J(l), ...,J(G)) against
(dtyy; --» d}gy) for each permutation b = 1,..., B. For each spline find the numerical
derivatives using the method we described before. Then find an upper 95% pointwise
envelope for the derivative curves. Then choose the cutoff value as the maximum
value of the envelope. We use this method to find the cutoff value for Affy datasets
and Table 5.1 lists the results. From Table 5.1 we find out that all the cutoff values are
around 2 to 3 and I'DR are very high. So we claim that this method is not working
well. In the future we wish to find a better way to calculate the cutoff value based on

the data set rather than a fixed value.

data set | dfmin | cutoff | Num.Sig FDR

Zhenyal | 12.84 | 1.6855 1516 0.2413
Zhenya?2 | 16.41 | 1.9883 72 0.4054
Zhenya3 | 17.52 | 1.5103 717 0.3402
Zhenyad | 12.82 | 3.3836 30 0.2997
Zhenyad | 12.66 | 1.6903 744 0.2013

Table 5.1: The output for Affy data sets without setting cutoff value

Another problem is the value of C in the objective function. We can see from

Figure 5.1 that for different values of C, the optimized degrees of freedom could be
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different. We do not know if our method to calculate C is a good one or not. We wish

a method could be developed to test it.

The last problem we noticed is from Table 3.4. The FDR are equal to 1 for three
datasets. We then calculate the number of false significant genes for each permutation
and get its distribution. Table 5.2 shows the distributions for the Illumina datasets

and the numbers of significant genes respectively.

Name Number | Min | 1stQu | Median | Mean | 3rdQu | Max | Num.sig

Illutanyal 70 16 45 93.5 288 408 | 3044 86

utanya2 70 4 | 25.25 100 250 275 | 2768 120
[llutanyad 70 0 3 8.5 52.1 | 24.25 | 1086 24
Nutanya3 70 0 3 10.5 | 79.47 | 415 | 1614 210
[lutanyad 70 0 0 1.5 24.77 4 726 67

INutanya6 70 10 | 46.25 119 265 252 | 3083 698

Table 5.2: The Distribution of the number of significant genes for Illumina datasets

We find out for the first three datasets, the means are greater than the numbers of
significant genes. So when we calculate FDR, it is greater than 1. But FDR can not
be greater than 1, the program sets it to be 1. We also notice that the medians are
much smaller than the means and the maximum values are huge. For the other three
datasets, the means are smaller than the number of significant genes. Therefore we can
get a reasonable FDR. We can have a better look through Figure 5.2. Figure 5.2 is the
histogram of the distribution of the number of significant genes for dataset illutanya2.
We can see there are some outliers that are greater than 2500. Figure 5.3 shows the
histogram for dataset illutanyad with FDR equal to 0.3807. The value and number of

the outliers are both small. Some statistician use median false discovery rate instead
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of mean false discovery rate. If we use median FDR here, it would reduce the values
of FDR for those three datasets above. But for the other datasets, the FDR could be
extremely small since the median values are always much less than the mean values in

our case. So we prefer mean FDR instead of median FDR.
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C =100 and 500 for dataset Zhenya2
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Appendix A

R Code for SAMSPLINE

# The function sam.spline is the main function for our method. It fits a cubic smooth-
ing spline to the SAM plot, choose the upper and lower significance cut-offs, calculate
the numbers of significant genes and FDR and draw the SAM and derivative plots.
# Arguments

stats is a matrix with the values of observed order statistics.

di.perm is the order statistics from the permutations.

cutof f is the value of the horizontal line we draw on the derivative plot. In most cases,
we set it equal to 3.

# Values

cut.up is the upper significance cut-off.

cut.low is the lower significance cut-off.

num.sig is the total number of significant genes.

MeanF DR is the false discovery rate.

stggene is a list of significant genes with the values of their observed order statistics,

s0 and the average order statistics from the permutations.
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spline is the output from function smooth.spline including components of spar, lambda,

equivalent degrees of freedom and so on.

samspline <- function(stats, di.perm, piO=calc.piO(Obs, di.perm),
cutoff, alpha=0.05, spacing=0.01, plot=T, ...) {
Obs <- stats$d.stat
Exp <- stats$Zxpected
sp = smooth.spline(Exp, Obs, ...)
X <~ (floor(min(Exp)/spacing) : ceiling(max (Exp) /spacing))*spacing
Y <- predict(sp, X)$y
Xmid <- X[-1]-diff(X)/2
Dhat <- diff(Y)/diff(X)
if (missing(cutoff)) {
R <- ncol(di.perm)
Expl <- sort(Exp)
derivs <- matrix(NA,nrow=length(Xmid), ncol=R-2)
for (i in 1:(R-2)) {
spl = smooth.spline(Expl, di.perm[,i+1], ...)
Y1 <- predict(spl, X)$y
derivs[,i] <- diff(Y1)/diff(X)
}
env = apply(derivs, 1, max)
cutoff <- max(env)
}
else {
env=cutoff
derivs=NULL
}
negs <- which(Xmid<0 & Dhat>=cutoff)
if (length(negs) > 0) {
xneg <- max(Xmid[negs])
i.neg <- max(which(Exp<=xneg))
cut.low <- Obs[i.neg]
}
else {
xneg <- min(Xmid)
Eneg <- min(Exp)
i.neg <- which.min(Exp)
cut.low <- -Inf
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}
pos <- which(Xmid>0 & Dhat>=cutoff)
if (length(pos)>0) {
xpos <- min(Xmid[pos])
i.pos <- max(which(Exp>=xpos))
cut.up <- Obs[i.pos]
}
else {
xpos <- max (Xmid)
Epos <- max(Exp)
cut.up <- Inf
¥
samplot <- SAM.plot(stats, di.perm, cut.low, cut.up, piO)
if (plot) {
op <- par(no.r=adonly=T)
par (mfrow=c(2,1))
samplot <- SAMplot(stats, di.perm, cut.low, cut.up, piO)
lines(sp)
plot(Xmid, Dhat, xlab="Expected Relative Difference",
ylab="Slope of Fitted Spline",
main=paste("Cutoff taken to be",round(cutoff,4)))
abline (h=cutoff)
par (op)
}
return(list(cut.up=cut.up, cut.low=cut.low, NumberSignificant =
samplot$Number3ignificant, MeanFDR=samplot$MeanFDR,
siggene=samplot$siggene, spline=sp))
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Appendix B

R Code for Selecting Significant

(Genes

# The function Signif is to calculate the number of significant genes.

# Arguments

stats is a matrix with the values of observed order statistics.

expect is the average of expected order statistics.

cut.low and cut.up are the upper and lower significance cut off points calculated in
function samspline.

# Values

num.stg is the number of significant genes consisted of the numbers of total significant
genes, positive significant genes and negative significant genes.

siggene is a list of significant genes with the values of their observed order statistics,

s0 and the average order statistics from the permutations.
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Signif <- function(stats, expect,cut.low, cut.up) {
obs <- stats$d.stat
pos.sig <- which(obs >= cut.up)
np <- length(pos.sig)
neg.sig <- which(obs <= cut.low)
nn <- length(neg.sig)
ind <- which(obs >= cut.up|obs <= cut.low)
siggene <- stats[ind,]
return(list(num.sig = c(nn+np, np, nn), siggene=siggene))

}
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Appendix C

R Code for Finding the Optimized

Degree of Freedom

# The function dfreed is the objective function used in the function optimize to find
the optimized degrees of freedom.

# Arguments

x is the variable of degrees of freedom from 2 to CVDF.

stats is a matrix with the values of observed order statistics.

perms is a permutation matrix with the values of expected order statistics.

const is the result calculated in the function dfspline.

# Values

sumsum is the sum of two sums. one is the sum of the absolute values of residuals of
spline at degrees of freedom z and the other is the sum of the absolute values of fitted
values of the predicted spline at Xmid divided by const at degrees of freedom z.

# df min is the optimized degrees of freedom.
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dfreed <- function(x, stats, perms, const, spacing=0.01)
{
spline = samspline(stats, perms$permutations, cutoff=3,
df=x, plot=F, spacing)
Exp = stats$Expected
X =(floor (min(Exp)/spacing) :ceiling(max (Exp)/spacing) ) *spacing
Xmid = X[-1]-spacing/2
ppd = predict(spline$spline, Xmid, deriv=3)
resid = residuals(spline$spline)
absresid = abs(resid)
absderiv = abs(ppd$y)
sumsum = sum(absresid )+sum( absderiv)/const
return(sumsum)

}

dfmin = optimize(dfreed,c(2,cvdf),stats=stats,perms=perms, const

const)$minimum
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Appendix D

R Code for dfspline Function

# The function df spline is our main function to combine all the functions together and
get the results. It has three parts. Calculate const, the optimized degrees of freedom
and use the optimized degrees of freedom to calculate the numbers of significant genes,
FDR and return the results.

# Arguments

stats is a matrix with the values of observed order statistics.

perms is a permutetion matrix with the values of expected order statistics.

# Values

results includes the optimized degrees of freedom, the number of significant genes,
false discovery rate. constant and CVdf.

stg.gene is a list of significant genes with the values of their observed order statistics,
s0 and the average order statistics from the permutations.

spline is the output from function smooth.spline including components of spar, lambda,

equivalent degrees of freedom and so on.
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dfspline <- function(stats, perms, spacing=0.01){
splinel = samspline(stats, perms$permutations, cutoff=3, plot=F, spacing)
cvdf = splinel$spline$df Exp = stats$Expected
X = (floor (min(Exp)/spacing) :ceiling(max (Exp)/spacing))*spacing
Xmid = X[-1]-spacing/2
ppd = predict(splinel$spline, Xmid, deriv=3)
absderiv = abs(ppd$y)
sum2 = sum(absderiv)
spline2 = samspline(stats, perms$permutations, df=2, cutoff=3,
plot=F, spacing)
resid = residuals(spline2$spline)
absresid = abs(resid)
suml = sum(absresid)
const = sum2/suml
dfmin = optimize(dfreed,c(2,cvdf),stats=stats,perms=perms, const =
const) $minimum
spline = samspline(stats, perms$permutations, cutoff=3,
df=dfmin,plot=F)
out <- c(dfmin, spline$num.sig, spline$MeanFDR, const, cvdf)
names (out) <- c("dfmin", "Num.Sig", "MeanFDR", "C", "CVdf")
return(list(results=out, sig.gene=spline$siggene,
deriv=spline$deriv, spline=spline$spline))

}
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Appendix E

R Code for Simulation Study

# The function datageneratet is to generate random dataset using ¢ distribution with
3 degrees of freedom. The function datagenerate is to generate random dataset using
a standard normal distribution.

# Arguments

G is the total number of simulated genes.

GO is the number of differently expressed genes.

nr is the number of replicates of the same experiments.

# Value

The output ezdata is the random dataset generated.

datageneratet <- function(mu, sigma, G, GO, nr ){

mean <- rnorm(G,.mu,sigma)

sds <- sqrt(rchisq(G,1))

dl <- rep(-3,length=G0/2)

d2 <- rep(3,length=G0/2)

d <- c(d1, d2, rep(0, G-GO))*sds

strainl <- matrix(rt(nr*G,3),ncol=nr)x*sds/sqrt(3)+mean
strain2 <- matrix(rt(nr#G,3),ncol=nr)*sds/sqrt(3)+mean+d
exdata <- cbind(strainl, strain2)

62



strain <- rep(1:2, each=nr)
row.names (exdata) <- (1:G)
exdata

¥

datagenerate <- function(mu, sigma, G, GO, nr ){

mean <- rnorm(G,mu,sigma)

sds <- sqrt(rchisq(G,1))

dl <- rep(-3,leangth=G0/2)

d2 <- rep(3,length=G0/2)

d <- c(d1, d2, rep(0, G-GO))=*sds

strainl <- matrix(rnorm(nr*G, rep(mean, nr), rep(sds, nr)),ncol=nr)
strain2 <- matrix(rnorm(nr*G, rep(mean+d, nr), rep(sds, nr)),ncol=nr)
exdata <- cbind(strainl, strain2)

strain <- rep(1:2, each=nr)

row.names (exdata) <- (1:G)

exdata

}
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