Chapter 1 exercises:
1. Run the software on a different set of placebo/drug experiments (Diff2MeanCh1Ex1.vals)
and compute a confidence interval and a statistical significance. What are they?
Hint: Diff2MeanCh1Ex1.vals: each drug value is exactly 2 more than a placebo value.      
Solution: 

Significance:
Observed difference of two means: 2.00
428 out of 10000 experiments had a difference between the two means greater than or equal to 2.00 .
The chance of getting a difference of two means greater than or equal to 2.00 is 0.0428 .
0.0428 is very close to the 0.05 cutoff.  The difference of 2 is probably significant.  
However, this looks like a small difference, so let's look at the confidence interval: 
Confidence: 
Observed difference between the means: 2.00
We have 90.0 % confidence that the true difference between the means is between: 0.19 and 3.85
Whether or not it is worth using this drug really depends upon what we have measured.  The drug 
seems to have a very small, but statistically significant effect.
2. In Diff2MeanCh1Ex2.vals we have duplicated the placebo/drug data from exercise 1 to see how
the confidence interval and statistical significance change. How do they?
Solution:

Significance:
Observed difference of two means: 2.00
444 out of 10000 experiments had a difference of two means greater than or equal to 2.00 .
The chance of getting a difference of two means greater than or equal to 2.00 is 0.0444 .
The significance didn't change much.  That makes sense. Both the drug and placebo groups have the same distribution they had before.  If a value in the drug group had a frequency of x / s before,  where x is the number of times the value is in the drug group  and s is the sample size of the drug group, now it has a frequency of 2x / 2s which equals x / s.   Also every time we shuffle the values, all values are still included in the new groups, so any outliers are always included in the calculations.
Confidence: 
Observed difference between the means: 2.00
We have 90.0 % confidence that the true difference between the means is between: 0.74 and 3.28
Our confidence interval got a little tighter.  The reason is that with a larger sample size outliers have less of an impact (even though they still occur in the data with the same frequency).  Remember here we bootstrap the samples to generate new samples so not every value is included in every bootstrapped sample.
3. Consider a year in which there are daily closing prices from stocks A and B.  Compute the correlation of closing prices of stocks A and B. Also what is your confidence that the correlation is positive and what is the confidence interval of the correlation?
The file RegressionCh1Ex3.vals contains JP Morgan Chase & Co and Bank of America Corporation closing prices for every day in 2009.
Solution:

Remember that before doing a regression you should plot your data to make sure it looks like there is a linear relationship.  
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This does look linear, so we carry on with our regression analysis.
When we run RegressionSig.py with the input file RegressionCh1Ex3.vals we get:
Line of best fit for observed data:  y' = 1.7486 x +  13.8931
0 out of 10000 experiments had a slope greater than or equal to 1.7486 .
The chance of getting a slope greater than or equal to 1.7486 is 0.0 .
When we run RegressionConf.py with the same input file we get:
We have 90.0 % confidence that the true slope is between: 1.7021 and 1.7939
***** Bias Corrected Confidence Interval *****
We have 90.0 % confidence that the true slope is between: 1.7030 and 1.7946
Now we do a linear correlation to see how tightly our data fits this line so that we can get a sense of how well the Bank of America Corporation’s closing stock prices predicted JP Morgan Chace & Co’s closing stock price in 2009.
When we ran CorrelationSig.py on our input file we got:
Observed r: 0.95
0 out of 10000 experiments had a r greater than or equal to 0.95
Probability that chance alone gave us a r greater than or equal to 0.95 is 0.00
When we ran CorrelationConf.py we got:
Observed r: 0.95
We have  90.0 % confidence that the true r is between: 0.95 and 0.95
***** Bias Corrected Confidence Interval *****
We have 90.0 % confidence that the true r is between: 0.95 and 0.95
It looks like the closing stock price of the Bank of America Corporation was a very good predictor of the closing stock price of JP Morgan Chace & Co in 2009.
Chapter 2 exercises:
1. Consider a set of salaries and whether people had gone to college or not.  Using just that data, evaluate whether going to college gives a higher salary with p-value < 0.05.
Diff2MeanCh2Ex1Unranked.vals: High school graduate salaries verses college graduate salaries 
(no graduate school).
Solution:

When we run Diff2MeanSig.py on the input file Diff2MeanCh2Ex1Unranked.vals we got:
Observed difference of two means: 97702.68
22 out of 10000 experiments had a difference of two means greater than or equal to 97702.68 .
The chance of getting a difference of two means greater than or equal to 97702.68 is 0.0022 .
Our p-value is 0.0022, which isway  less than 0.05.
When we ran Diff2MeanConf.py with the same input file we got:
Observed difference between the means: 97702.68
We have 90.0 % confidence that the true difference between the means is between: 9568.69 and 259217.68
And when we tried the bias-corrected confidence interval script, Diff2MeanConfCorr.py, we got: 
Observed difference between the means: 97702.68
We have 90.0 % confidence that the true difference between the means is between: 11818.80 and 265181.92
We have a huge confidence interval because of outliers.  Intuitively we know that the difference between the annual salary means is unlikely to be near $265,000.
After transforming that data to ranks, evaluate the same question.
Rank 1 will be the highest salary, rank 2 the second highest etc.  If multiple salaries are identical,
they are all assigned the same rank.  If there are x people with salaries u and r is the next unused 
rank, all x people are assigned rank (r + ((r - 1) + x)) / 2.  The next unused rank is then r + x.  
For example:
salary
rank
12499
4
12500
5.5
12500
5.5
15000
6
Two people have salary 12500.  So x = 2.  The next unused rank is 5, so r = 5.  Both people with salary 
12500 will be assigned rank (5 + ((5 - 1) + 2)) / 2 = 11 / 2 = 5.5.  The next unused rank is 7.
Now when we run Diff2MeanSig.py on Diff2MeanCh2Ex1Ranked.vals, we get:
Observed difference of two means: 10.21
62 out of 10000 experiments had a difference of two means greater than or equal to 10.21 .
The chance of getting a difference of two means greater than or equal to 10.21 is 0.0062 .
Our p-value is 0.0062, which is still less than 0.05.  When we ran Diff2MeanConf.py on the above input file we got:
Observed difference between the means: 10.21
We have 90.0 % confidence that the true difference between the means is between: 3.63 and 16.57
When we run Diff2MeanConfCorr.py on the ranked input file we get:
Observed difference between the means: 10.21
We have 90.0 % confidence that the true difference between the means is between: 3.46 and 16.60
The difference of course is now measured in salary ranks and not dollars. 
2. Consider again exercise 1 from chapter 1.  We have 27 drug samples and 27 placebo samples.  Is this a big enough sample to establish with a 95% confidence that the drug is significantly better than the placebo?  If not, how much more data does one need to do so?  We want a 95% probability that we will reject the null hypothesis if the null hypothesis should be rejected.  (Hint: see the power of a test section.)
Hint: In other words, if the current sample size is S and the average drug result is better than the average placebo result, how many more replicas of S would be needed for us to believe that the drug is better than the placebo throughout the 95% confidence interval?  Suppose that, in the course of using the bootstrap, we sorted the difference drug average - placebo average.  If every number from the bottom 2.5% of those differences on up always gave a positive value, then we have achieved what we want.

Solution:
Since Diff2MeanConf.py current gives us a 90% confidence interval, we must first modify it to output a 95% confidence interval.  After making this change we ran it and got:
Observed difference between the means: 2.00
We have 95.0 % confidence that the true difference between the means is between: -0.15 and 4.19
So some of the time the drug ends up being worse than the placebo.  If we increase our sample size, we can increase the power of the test.
Let’s modify Diff2MeanConf.py to duplicate the size of each group.  You can easily do this in python:
>>> a = [1, 2, 3]
>>> a = a + a
>>> a
[1, 2, 3, 1, 2, 3]
So after the line infile.close(), we add:
samples[a] = samples[a] + samples[a]
samples[b] = samples[b] + samples[b]
Then we re-run Diff2MeanConf.py.  This time we get:
Observed difference between the means: 2.00
We have 95.0 % confidence that the true difference between the means is between: 0.48 and 3.56
Notice the observed difference didn’t change because we duplicated both the placebo and drug data sets.  Now 95% of the time the drug is better than the placebo.  If doubling the data set didn’t work, we would have to try tripling it.
3.   You have four different treatments: none, A alone, B alone, A and B together
You have 16 fields: four are dry-hilly, four are wet-hilly, four are dry-flat, four are wet-flat. Give two Latin square designs that work for this.  Call the four dry-hilly fields dry-hilly1, dry-hilly2, dry-hilly3, and dry-hilly4. And similarly for the four wet-hilly fields and so on.
Solution:

Here is a first Latin square design.
dry-hilly1 none
dry-hilly2 A
dry-hilly3 B
dry-hilly4 AB
wet-hilly1 none
wet-hilly2 A
wet-hilly3 B
wet-hilly4 AB
dry-flat1 none
dry-flat2 A
dry-flat3 B
dry-flat4 AB
wet-flat1 none
wet-flat2 A
wet-flat3 B
wet-flat4 AB
Here is a second one (just rotation for each field type):
dry-hilly1 AB
dry-hilly2 none
dry-hilly3 A
dry-hilly4 B
wet-hilly1 AB
wet-hilly2 none
wet-hilly3 A
wet-hilly4 B
dry-flat1 AB
dry-flat2 none
dry-flat3 A
dry-flat4 B
wet-flat1 AB
wet-flat2 none
wet-flat3 A
wet-flat4 B
Chapter 3 exercises:

Thee exercises are conceptual rather than quantitative.
So, no calculation is required.
1. When might you do a rank transformation?

Answer: When there are a few outliers and their values are less important than their rank
2. If you do a test and the p-value of the alternate hypothesis is say less than 0.10, what does that mean exactly?
Answer: it means that if the null hypothesis is true, then 10% of the time by chance, you would see a test value as extreme as the value you see or more so.
3. Why do you use shuffling? How is it used? Relate it to a p-value. Use a drug vs. placebo scenario as an example.
Answer: Shuffling is used to test statistical significance.  Suppose the drug group has a different effect than the placebo group on some statistic where it has some difference d.  In a shuffle test, the assignment of the drug/placebo label to people is shuffled (permuted). Then the statistic is recalculated.  The p-value is the number of shuffles where the statistic has a value of d or greater divided by the total number of shuffle experiments.
4. Why do you use bootstrapping? How is it used?  Relate it to a confidence interval.  Use a drug vs. placebo scenario as an example.
Answer: Suppose again the drug group has a different effect than the placebo group on some statistic where it has some difference d. How much confidence should we have in the specific d value? Bootstrapping attempts to answer this without assuming anything about the sample distribution. In bootstrapping, we repeatedly take random samples of the same size as our original sample, from the original sample.  We use these samples to calculate a range of values our test statistic is likely to take. This gives a confidence interval.
5. When would you use a one-tailed test vs. a two-tailed test?
Answer: You measure some sample statistic (e.g. difference in the mean). Suppose you care only about results that are as extreme or more extreme than your sample statistic in one directon. Then you are concerned about a single tail result.
If you care about extremes at either end of the range of possibilities, you should use a two-tailed test.
For example, say there is a new diet trend and you want to know if the people who are on it weigh significantly more or less than people who aren't.  You look at both tails of the distribution because the diet could have the opposite affect of what people want: it cause weight gain.
6. In Nicholas D. Kristof’s June 16th, 2010 New York Times op-ed column called “Dad Will Really Like This” he describes tuberculosis sniffing giant rats working in Tanzania developed by a company called Apopo.  He says “A technician with a microscope in Tanzania can screen about 40 samples a day, while one giant rat can screen the same amount in seven minutes.”  What if when the rats were initially tested these were the results:


Rat signals sample has TB
Rat signals sample is TB free

Total
TB Sample

516



84



600


TB free sample
 40



360



400
Total


556



444



1000
Note that there are two types of mistakes here, when the rat indicates the sample has TB and it doesn’t (a false-positive) and when the rat signals that the sample is TB is sample free when it isn’t (a false-negative). What are the false positive and false negative rates?

Answer:  So in this case, the rats correctly identified 86% of the TB samples, and 10% of the TB free samples they said had TB.  These rates are about what they found in their preliminary tests (http://arstechnica.com/old/content/2007/09/of-mice-and-mines-trained-rats-search-for-explosives-tuberculosis.ars).
Now what if they had found the following:


Rat signals sample has TB
Rat signals sample is TB free

Total
TB Sample

84



516



600


TB free sample
 360



40



400
Total


444



556



1000
Here the rats signal that the TB sample is TB free 86% of the time and 90% of the time a sample is TB free they say it has TB.  Quite likely they have been trained to give a signal that a sample has TB when in fact they don’t smell TB at all.  In this case it is just a matter of correcting either our interpretation of the signal they give us, or retraining them to give the signal when they do smell TB. 
Note: this might be better discussed in the false postitive/false negative section.  “a pair of the animals were able to detect 86 percent of infected TB samples, with a 10 percent false-positive rate” from http://arstechnica.com/old/content/2007/09/of-mice-and-mines-trained-rats-search-for-explosives-tuberculosis.ars
7.  If you want to prove that your drug has a beneficial effect compared to a placebo, would you want a statistical test that gives more power or less?
Answer: More. The null hypothesis is that the drug has no effect. Power is the probability that a test rejects the null hypothesis when the null hypothesis should be rejected. So, you'd like to increase the power. 
7. Without changing the test, how might you increase the power of protocol that uses that test?
Answer: increase the sample size.
8. Relate the terms: false positive, false negative, type 1 error, type 2 error.
Answer: 

false positive/type I error - rejecting the null hypothesis when it is in fact true
false negative/type II error - accepting the null hypothesis when in fact it is false
Four things can happen:





you reject the null hypothesis
you accept the null hypothesis
null hypothesis is actually true:

false positive/type I error
you are correct
null hypothesis is actually false:


you are correct

false negative/type II error
Trying to decrease the number of false positives usually means increasing the false negatives and visa-versa.  What you choose to do depends on your problem and how costly each error is.  For example, in the tuberculosis sniffing rat example from question 5, we might prefer to increase the number of false-positives in order to reduce the number of false negatives.  Meaning we would rather have the rat say someone has TB when they don’t (which we will probably figure out with further testing) then have the rat miss someone who actual does have TB.
Chapter 4 exercises
Throughout these exercises, there are two running data sets: (i) one concerning drug vs. placebos with varying dosages and (ii) one concerning gene responses to a certain pair of inputs A and B (that is each gene was tested 4 times in 25 samples for each of 4 input types: no input, A alone, B alone, A and B together). 
In the drug data set, higher response values are a good thing.  The dosages are: 100mg/m2, 75mg/m2, 50mg/m2, placebo
For the gene test, let there be 20 genes, each replicated 4 times in a total of 100 samples.
Gene no input, A alone, B alone, AB together (each gene 4 x)
1. For the drug case, find the confidence interval of the mean for the 75mg/m2 dose.
Solution:

When we ran MeanConf.py on the input file MeanConfCh4Ex1.vals, we got:
Observed mean: 253.87
We have 90.0 % confidence that the true mean is between: 238.33 and 269.13
***** Bias Corrected Confidence Interval *****
We have 90.0 % confidence that the true mean is between: 237.67 and 268.53

If anything above 200 is healthy, then this looks like a good dose.
2. For the smallest dose drug vs. placebo case determine whether the difference is significant and the confidence interval of the difference.
Solution: When we ran Diff2MeanSig.py with the input file Diff2MeanCh4Ex2.vals we got: 
Observed difference of two means: 5.27
2740 out of 10000 experiments had a difference of two means greater than or equal to 5.27 .
The chance of getting a difference of two means greater than or equal to 5.27 is 0.274 .
We cannot reject the null hypothesis here.  It is too likely that the difference between the 50mg/m2 dose and the placebo is due to chance alone.
Next we ran Diff2MeanConf.py with the same input file and got:
Observed difference between the means: 5.27
We have 90.0 % confidence that the true difference between the means is between: -8.33 and 18.87
Here we can see that the 50mg/m2 dose should  be better than the placebo in some cases and the placebo to be better in others.
3. For the gene case, determine whether A and B together have a significantly different mean from no input, from A alone, from B alone. Compute the p-value for each gene for each case.
AB vs. No input
AB vs. A
AB vs. B
20 genes x 3 tests = 60 
Solution: These values can be found in the 60 files Genes/AB_vs_[A|B|no_input]_gene_[1-20].vals.  We modified Diff2MeanSig.py to take a file name as input and output just the category labels, the difference in the means and the p-value in a tab delimited format.  Then ran it on all 60 input files.  This is what we got:
'AB gene 1' and 'A gene 1'    -2936.80    0.00000000
'AB gene 1' and 'B gene 1'    -522.88    0.00000000
'AB gene 1' and 'no input gene 1'    -2920.65    0.00000000
'AB gene 10' and 'A gene 10'    -3126.57    0.00000000
'AB gene 10' and 'no input gene 10'    -3122.52    0.00000000
'AB gene 11' and 'A gene 11'    -2920.97    0.00000000
'AB gene 11' and 'B gene 11'    -680.44    0.00000000
'AB gene 11' and 'no input gene 11'    -2927.46    0.00000000
'AB gene 12' and 'A gene 12'    -3034.44    0.00000000
'AB gene 12' and 'no input gene 12'    -3041.61    0.00000000
'AB gene 13' and 'A gene 13'    -3036.68    0.00000000
'AB gene 13' and 'no input gene 13'    -2957.81    0.00000000
'AB gene 14' and 'A gene 14'    -3008.19    0.00000000
'AB gene 14' and 'no input gene 14'    -2965.93    0.00000000
'AB gene 15' and 'A gene 15'    -3032.99    0.00000000
'AB gene 15' and 'no input gene 15'    -2970.03    0.00000000
'AB gene 16' and 'A gene 16'    -2886.96    0.00000000
'AB gene 16' and 'no input gene 16'    -2896.13    0.00000000
'AB gene 17' and 'A gene 17'    -3156.11    0.00000000
'AB gene 17' and 'B gene 17'    -924.64    0.00000000
'AB gene 17' and 'no input gene 17'    -3188.50    0.00000000
'AB gene 18' and 'A gene 18'    -2976.98    0.00000000
'AB gene 18' and 'no input gene 18'    -2922.73    0.00000000
'AB gene 19' and 'A gene 19'    -3041.12    0.00000000
'AB gene 19' and 'no input gene 19'    -3007.55    0.00000000
'AB gene 2' and 'A gene 2'    -3191.10    0.00000000
'AB gene 2' and 'B gene 2'    -637.29    0.00000000
'AB gene 2' and 'no input gene 2'    -3172.85    0.00000000
'AB gene 20' and 'A gene 20'    -3034.61    0.00000000
'AB gene 20' and 'B gene 20'    -567.63    0.00000000
'AB gene 20' and 'no input gene 20'    -3033.09    0.00000000
'AB gene 3' and 'A gene 3'    -2935.68    0.00000000
'AB gene 3' and 'no input gene 3'    -3018.67    0.00000000
'AB gene 4' and 'A gene 4'    -2890.15    0.00000000
'AB gene 4' and 'no input gene 4'    -2928.51    0.00000000
'AB gene 5' and 'A gene 5'    -2941.19    0.00000000
'AB gene 5' and 'no input gene 5'    -2868.67    0.00000000
'AB gene 6' and 'A gene 6'    -3061.86    0.00000000
'AB gene 6' and 'B gene 6'    -658.84    0.00000000
'AB gene 6' and 'no input gene 6'    -3037.16    0.00000000
'AB gene 7' and 'A gene 7'    -3009.43    0.00000000
'AB gene 7' and 'no input gene 7'    -2991.67    0.00000000
'AB gene 8' and 'A gene 8'    -2917.04    0.00000000
'AB gene 8' and 'no input gene 8'    -2925.23    0.00000000
'AB gene 9' and 'A gene 9'    -2892.72    0.00000000
'AB gene 9' and 'no input gene 9'    -2904.60    0.00000000
'AB gene 9' and 'B gene 9'    -552.12    0.00010000
'AB gene 10' and 'B gene 10'    -559.77    0.00030000
'AB gene 14' and 'B gene 14'    -530.75    0.00060000
'AB gene 13' and 'B gene 13'    -479.07    0.00070000
'AB gene 8' and 'B gene 8'    -427.43    0.00070000
'AB gene 4' and 'B gene 4'    -468.70    0.00110000
'AB gene 3' and 'B gene 3'    -450.56    0.00150000
'AB gene 12' and 'B gene 12'    -433.96    0.00230000
'AB gene 7' and 'B gene 7'    -390.69    0.00290000
'AB gene 19' and 'B gene 19'    -383.78    0.00580000
'AB gene 5' and 'B gene 5'    -339.55    0.00880000
'AB gene 15' and 'B gene 15'    -351.22    0.01080000
'AB gene 18' and 'B gene 18'    -272.73    0.03190000
'AB gene 16' and 'B gene 16'    -257.63    0.03500000
In the last two tests we do not reject the null hypothesis because the p-values are > 0.05.
4. For the drug case, try to find the influence of drug dosage on result.

Hint: do one-way ANOVA on dosage.  
Solution: 

When we ran OneWayAnovaSig.py with the input file OneWayAnovaCh4Ex4.vals we got:
Observed F-statistic: 135.21
0 out of 10000 experiments had a F-statistic greater than or equal to 135.21
Probability that chance alone gave us a F-statistic of 135.21 or more is 0.0
When we ran OneWayAnovaConf.py with the same input file we got:
Observed F-statistic: 135.21
We have 90.0 % confidence that the true F-statistic is between: 101.99 and 220.58
***** Bias Corrected Confidence Interval *****
We have 90.0 % confidence that the true F-statistic is between: 92.64 and 188.32
So we reject the null hypothesis that dose does not affect the groups.  
5. Use two-way anova to test the influence of factors A and B on the gene expressions.  Each factor is divided into categories given and not given.  Use all 20 genes.
TwoWayAnovaCh4Ex5.vals has the gene data split into 4 groups: AB, A, B, no input.  When we ran TwoWayAnovaSig.py on this input we got:
Observed F-statistic: 20.70
0 out of 10000 experiments had a F-statistic greater than or equal to 20.70
Probability that chance alone gave us a F-statistic of 20.70 or more is 0.0
When we ran TwoWayAnovaConf.py on the input file we got:
Observed F-statistic: 20.70
We have 90.0 % confidence that the true F-statistic is between: 7.57 and 41.28
***** Bias Corrected Confidence Interval *****
We have 90.0 % confidence that the true F-statistic is between: 7.53 and 41.10
Remember that the f-statistic measures how the between group variance compares to the within group variance.  It looks here that there is between group variance.
6. Get a Bonferroni corrected p-value using the results from problem 3.   Use a Bonferroni cutoff of 0.05.
The file BonferroniCh4Ex6.vals contains the sorted results from problem 3.  We multiply each p-value by the number of tests run, and then apply the new cutoff.  Our new p-values are:
'AB gene 1' and 'A gene 1'      -2936.80      0.00000000      0
'AB gene 1' and 'B gene 1'      -522.88      0.00000000      0
'AB gene 1' and 'no input gene 1'      -2920.65      0.00000000      0
'AB gene 10' and 'A gene 10'      -3126.57      0.00000000      0
'AB gene 10' and 'no input gene 10'      -3122.52      0.00000000      0
'AB gene 11' and 'A gene 11'      -2920.97      0.00000000      0
'AB gene 11' and 'B gene 11'      -680.44      0.00000000      0
'AB gene 11' and 'no input gene 11'      -2927.46      0.00000000      0
'AB gene 12' and 'A gene 12'      -3034.44      0.00000000      0
'AB gene 12' and 'no input gene 12'      -3041.61      0.00000000      0
'AB gene 13' and 'A gene 13'      -3036.68      0.00000000      0
'AB gene 13' and 'no input gene 13'      -2957.81      0.00000000      0
'AB gene 14' and 'A gene 14'      -3008.19      0.00000000      0
'AB gene 14' and 'no input gene 14'      -2965.93      0.00000000      0
'AB gene 15' and 'A gene 15'      -3032.99      0.00000000      0
'AB gene 15' and 'no input gene 15'      -2970.03      0.00000000      0
'AB gene 16' and 'A gene 16'      -2886.96      0.00000000      0
'AB gene 16' and 'no input gene 16'      -2896.13      0.00000000      0
'AB gene 17' and 'A gene 17'      -3156.11      0.00000000      0
'AB gene 17' and 'B gene 17'      -924.64      0.00000000      0
'AB gene 17' and 'no input gene 17'      -3188.50      0.00000000      0
'AB gene 18' and 'A gene 18'      -2976.98      0.00000000      0
'AB gene 18' and 'no input gene 18'      -2922.73      0.00000000      0
'AB gene 19' and 'A gene 19'      -3041.12      0.00000000      0
'AB gene 19' and 'no input gene 19'      -3007.55      0.00000000      0
'AB gene 2' and 'A gene 2'      -3191.10      0.00000000      0
'AB gene 2' and 'B gene 2'      -637.29      0.00000000      0
'AB gene 2' and 'no input gene 2'      -3172.85      0.00000000      0
'AB gene 20' and 'A gene 20'      -3034.61      0.00000000      0
'AB gene 20' and 'B gene 20'      -567.63      0.00000000      0
'AB gene 20' and 'no input gene 20'      -3033.09      0.00000000      0
'AB gene 3' and 'A gene 3'      -2935.68      0.00000000      0
'AB gene 3' and 'no input gene 3'      -3018.67      0.00000000      0
'AB gene 4' and 'A gene 4'      -2890.15      0.00000000      0
'AB gene 4' and 'no input gene 4'      -2928.51      0.00000000      0
'AB gene 5' and 'A gene 5'      -2941.19      0.00000000      0
'AB gene 5' and 'no input gene 5'      -2868.67      0.00000000      0
'AB gene 6' and 'A gene 6'      -3061.86      0.00000000      0
'AB gene 6' and 'B gene 6'      -658.84      0.00000000      0
'AB gene 6' and 'no input gene 6'      -3037.16      0.00000000      0
'AB gene 7' and 'A gene 7'      -3009.43      0.00000000      0
'AB gene 7' and 'no input gene 7'      -2991.67      0.00000000      0
'AB gene 8' and 'A gene 8'      -2917.04      0.00000000      0
'AB gene 8' and 'no input gene 8'      -2925.23      0.00000000      0
'AB gene 9' and 'A gene 9'      -2892.72      0.00000000      0
'AB gene 9' and 'no input gene 9'      -2904.60      0.00000000      0
'AB gene 9' and 'B gene 9'      -552.12      0.00010000      0.006
'AB gene 10' and 'B gene 10'      -559.77      0.00030000      0.018
'AB gene 14' and 'B gene 14'      -530.75      0.00060000      0.036
'AB gene 13' and 'B gene 13'      -479.07      0.00070000      0.042
'AB gene 8' and 'B gene 8'      -427.43      0.00070000      0.042
'AB gene 4' and 'B gene 4'      -468.70      0.00110000      0.066
'AB gene 3' and 'B gene 3'      -450.56      0.00150000      0.09
'AB gene 12' and 'B gene 12'      -433.96      0.00230000      0.138
'AB gene 7' and 'B gene 7'      -390.69      0.00290000      0.174
'AB gene 19' and 'B gene 19'      -383.78      0.00580000      0.348
'AB gene 5' and 'B gene 5'      -339.55      0.00880000      0.528
'AB gene 15' and 'B gene 15'      -351.22      0.01080000      0.648
'AB gene 18' and 'B gene 18'      -272.73      0.03190000      1.914
'AB gene 16' and 'B gene 16'      -257.63      0.03500000      2.1
Now when we use a cutoff of 0.05, we do not reject the null hypothesis in the last 7 tests.
