
Bootstrap Bill 
  

MATLAB concepts covered:     
1. operations along columns of 2D matrix     
2. use of 'repmat'     
3. simple descriptive statistics: mean, std. error     
4. plotting functions: plot, errorbar, polar     
5. handle graphics     
6. bootstrapping concepts: null hypothesis; permutation test; bootstrap confidence  
intervals       

  
See corresponding Matlab code in DirBS.m for help on each step. 
  
Spike data were collected from an alert, fixating monkey. On each "trial" a circular field of 
random dots moving in a particular direction was presented for a period of two seconds. See 
movie newsome-direction-MT.avi. 
  
The dots moved in one of eight possible directions evenly spaced around the circle at 45-degree 
intervals. The data consist of 5 repeats of each of the eight possible directions, presented in a 
block-wise random order (i.e. stimuli were selected randomly, but no stimulus was repeated until 
all 8 had been presented once). Why might one do it this way?  
  
The values are the average spike rate of the neuron for the full 2 seconds of the stimulus 
presentation. Rows constitute observations (i.e. repeat trials of the same visual stimulus) and 
columns are the different directions of motion.   
 
 
Step 1: Load and plot the data  
 

load spikedata;      
  
For convenience and clarity, it's often useful to extract parameters that we will probably use 
frequently. This prevents us from having to litter the code with unwieldy size(Data,1) and 
the like. 
  

NumReps = size(Data,1);    % # of stimulus repeats (= rows)  
NumDirs = size(Data,2);    % or, equivalently, length(Dirs)  

 
Plot the data. 
  
One immediately gets the idea that the cell fired at high rates for some stimuli (e.g. 0 degrees, 
which is rightwards, by convention) and barely responded at all to others (e.g. 180 deg., equals to 
the left). But you might notice that you can't always discern 5 separate data points for each 
direction of motion. Why might this be?  
  
This is because some of the data points are essentially lying on top of each other due to the 
discrete nature of our sampling. One trick for fixing this is to randomly jitter the data points, in 
this case along the x-axis.  



  
Step 2: Jitter the data and re-plot it 
 
Add a small amount of random noise to the data points to jitter them along the x-axis so that they 
don’t overlap. 
You’ll need to add different noise value to each x-value (direction) so you’ll need to repeat the 
direction matrix to match the number of repetitions.  
Hint:  

help repmat 
 
Once you’ve plotted your jittered data, type  
 

hold on;     
  
so we don't over-write the plot with subsequent plots.  
  
Step 3: Means and standard errors 
 
Plot the means and standard errors 
  

Reminder: standard error = standard deviation/√n 
 
As always, it might be a good idea to see if Matlab has any built-in functions that help you do 
this. 
 
3b. Now, how about changing the color? 
 
Step 4: Polar plots 
 
This looks pretty good. But it's actually a bit misleading: the direction 315 degrees (down and to 
the right) is as similar to 0 degrees (right) as is 45 degrees (up and to the right), yet 315 is as far 
away from 0 on our plot as it can be. In other words, "direction" is a circular variable—it wraps 
around on itself. Because of this, there is no true zero point (Statisticians would say that it is an 
"interval scale" of measurement.) and any designation of high or low values is arbitrary. That is, 
the directions must be treated like categorical variables that do not permit of simple arithmetic 
operations. To get a sense of this, try to calculate the average of two directions: 45 and 315.  
  
A more natural way to plot circular data is using a polar plot.  
 
In a separate figure, make a polar plot of the data.  
 
Try 
 help polar 
  
Reminder: polar plots are drawn in polar coordinates, theta (angle) and rho (distance). Rho is just 
the distance from the origin, in this case, the firing rate. Theta is the direction in radians. To 



convert from degrees to radians you just need to multiply deg * (pi/180). Or you can look to see 
if Matlab already has a function to do this. 
 
Add "error bars" to show the standard errors.  Does errorbar work here? 
 
Step 5: The mean vector.  
 
Just as a linear distribution has a mean and a variance, so does a circular distribution. We 
compute the "mean vector" of the circular distribution by treating each data point as a 2D vector 
with direction equal to the direction of motion and magnitude equal to the spike rate. We add up 
the vectors and then divide by the sum of the lengths of the individual vectors. There are at least 
two ways to add vectors: the geometric way, by putting them in tail-to-head order and drawing a 
line from the tail of the first vector to the head of the last one. The analytical way is to first 
decompose the vectors into their Cartesian components, then add them and convert back to polar 
coordinates. Luckily, MATLAB has two built-in functions that make this easy: 'pol2cart' and 
'cart2pol'.  
 
 
Write a MATLAB function that will take as inputs two variables, a vector of directions and a 
vector of magnitudes (in this case, the mean spike rates), and return the mean vector as a 
direction and a magnitude.  
 
Reminder: Vectors are most easily combined in x and y coordinates. The normalized mean 
vector is just the sum of all the x and y values divided by the summed magnitude of all the 
vectors. Don’t forget to un-normalize when you’re done. 
 
Plot the mean vector to see if it makes sense. Does it?  
 
The length of the mean vector, R, is a measure of the variability of our circular distribution.   
Actually, it is an inverse measure, since a big R (close to 1) indicates a narrow distribution (small 
circular variance). Indeed, 'circular variance' is defined as '1 - R'. So we can use R as a measure 
of 'strength of tuning': neurons with high R-values are highly selective for the direction of motion 
and those with low R-values are weakly selective.  
  
Step 6: A permutation test for R 
 
How can we tell if our neuron is "significantly tuned"?  There are many ways to approach this 
problem. For example, there are parametric statistics for 'circular uniformity', such as  
"Rayleigh's Test" or, alternatively, we could treat the problem as a 1-way ANOVA.  But let's 
suppose that all we have is a good random number generator and our knowledge of the 
experimental design. What might we do?  
  
The first, and most important, step is to flesh out the 'null hypothesis'. Basically, the null 
hypothesis is always the party pooper: You didn't get a positive result from your experiment; it 
was all just random chance. What would this mean in the context of our direction-tuning 



experiment? A key concept here is to "break the association" between spike rate and visual 
stimulus that occurred in our experiment. 
 
A radical null hypothesis is that the direction of motion of the visual stimulus presented on a 
given trial had nothing to do with the spike rate of the neuron on that trial. Sometimes the neuron 
fires a lot, sometimes a little, and we just happened to have sampled this noisy spike rate in a 
certain way that just happened to put high spike rates in certain "bins" (columns in our data 
matrix) and low rates in others. Armed with this idea, we can create a rigorous test of the null 
hypothesis by "breaking the association" between spike rate and visual stimulus. In other words, 
we simulate data sets using the random sampling strategy that we just proposed and then look at 
how our experimentally determined value ('R' in this case) compares to R-values generated 
according to the null hypothesis. One way to do this is to take our original data set and randomly 
assign spike rates to different values of the visual stimulus--that is, we permute the original spike 
counts oblivious to the visual stimulus that actually elicited them. We then compute 'R' for the 
permuted data set, repeat this a few thousand times (computers are fast) and then see where in 
this distribution of null-hypothesis R-values our real R-value falls. This allows us to directly 
answer the question of how often we would expect to get this R-value by chance. 
 
So, your goal is: Using R as a measure of goodness-of-tuning, code up a "permutation test" to 
answer the question: Under the null hypothesis, how likely would we be to obtain an  
R-value as large as or larger than the one we obtained in our experiment. See steps below. 
 
In our first crack at the bootstrap, we will preserve the association between stimulus and 
response by sampling with replacement within columns and then permuting the columns.  
 
Step 6a: Generate one set of random indices to sample with replacement from within columns of 
our original data set. That is, generate the random indices that you would use in one iteration of 
your bootstrap. 
 
Step 6b: Generate 5000 sets of these and “prove" that your code gives whole numbers on the 
interval [1 NumReps] with equal probability.  
 
Step 6c: Permute the data, breaking the association between stimulus and response. Create a loop 
and use your method of indexing to sample randomly from within each column and permute the 
columns. 
 
Each iteration of the loop should give you an array the same size as your original data. The data 
should be shuffled within each column and the columns should be shuffled. Use this new data to 
get an R value. Repeat this 5000 times to generate 5000 bootstrapped measurements of R.  
 
What does the distribution of R values look like? 
 
How might you get a p-value from this distribution? 
 
Reminder: a p-value, in this case, is the probability of obtaining an R value as extreme as your 
original R value assuming the null hypothesis (your permuted data) is true. 



 
  
Step 7: Bootstrapping for confidence intervals 
 
Another, more common, use of so-called "bootstrapping" techniques is to compute confidence 
intervals (CIs) on experimentally measured parameters. With standard statistical techniques, this 
is only possible for a handful of things we might wish to know about a population sample, such 
as the mean. Using the bootstrap, however, we can determine CIs for anything we can compute 
on our data set. All we do is sample from our original data set with replacement to obtain a new 
estimate of our desired parameter.  Again, we do this lots of times (thousands) to see the kind of 
variability we can get in our estimate, given our own data. That is, using the variability in the 
data we have collected, we can determine the variability in our estimate of our parameter. In this 
case, we do not want to break the association between stimulus and response; rather, we 
want to ask how our estimate of R might change as a function of different re- samplings of the 
original data. In essence, we are letting our experimental data serve as the model of the universe 
of possible responses, and repeatedly re-sampling the data to obtain so-called "bootstrap 
samples." You do this with replacement so that your universe of possible firing rates doesn’t get 
smaller every time you sample it.  
 
Step 7a: Sample the data such that you  

1) preserve the association between stimulus and response  
2) allow a sampled firing rate to stay in the pool of possible firing rates (i.e. sample with 

replacement) 
The end result of each bootstrap iteration should be the same size as the original data set.  Use 
this new data to get a new R value on each iteration. This should look somewhat different from 
your bootstrap loop in step 6. As you write your code, check to make sure your indices are on the 
right interval. 
 
What does the distribution look like? 
 
Bonus Step 7b: Use MATLAB’s bootstrp function 
As for many things that we want to do a lot, MATLAB has a function to do bootstrapping. It's 
called bootstrp without the 'a'. Use the function RvalBS (written by Rick) as the second input to 
bootstrp. 
 
Step 8: Bootstrapping pairs of data 
  
This is reasonable, but the preferred bootstrap approach is to bootstrap pairs of data. That is, we 
don't assume that we're always going to get 5 repetitions of each direction. We generate paired 
data by pairing up each response with the direction of motion that elicited that response. Then we 
throw all of these pairs into one big pot and, again, sample with replacement to generate a 
bootstrap sample of the same size as our original one. In this case, however, our 40 values will 
not necessarily be evenly distributed across the eight different directions.  
  
Step 8a: Use repmat (and some other stuff) to generate a 40 x 2 array of the paired data.  
 



Step 8b:  Use this data do the bootstrap by pairs and find the 95% confidence interval for R. 
Don’t forget to check and visualize your data along the way! 
 
Compare the distributions using the different methods. What are the assumptions underlying 
each version? 
 
Bonus Questions 
According to Efron & Tibshirani (the Bible for bootstrappers), you can get a good estimate of the 
standard error from a few hundred bootstrap samples, but it takes a few thousand samples to get 
a good estimate of confidence intervals. Why do you think this is so?  
  
Extra Credit: Let's suppose we are cpu-limited and can only do a few hundred bootstrap 
repetitions, so we are confident of our std. error. Suppose further that we have reason to believe 
that our bootstrap statistic is normally distributed. How might we take advantage of this to 
estimate our confidence intervals?   
  
Reference for Bootstrapping:  
Efron, B., and R. J. Tibshirani (1993) An Introduction to the Bootstrap (London: Chapman & 

Hall/CRC) 
 
Revisions: 
RTB wrote it, 23 May 2011 originally as pRasterTool.m, converted to dirBS.m for teaching 
purposes: direction tuning curve and bootstrap test for significance 
AS edited 4 Aug 2011.       
JW edited 8 Aug 2011 
 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


