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Supplementary Figure 1. Categorization of peripheral axon morphology by branch 

number and length.  Peripheral axons of single RB neurons labeled by transient transgenesis 

using reporter transgenes with Fru.trkA, Fru.trkC, Fru.p2x3-2 or isl1(ss) enhancer sequences 

were hand-traced with Neurolucida Software and analyzed based on branch number and length 

for each branch order.  Trigeminal (A) and Rohon-Beard (A’) neurons cluster separately. Y-axis 

represents relative distance between groups. Asterisks represent the number of times the same 

neuron, traced by different experimenters, appears in a cluster. (B-F)  Peripheral axons of 

individual neurons segregated into 5 main clusters from more complex (B) to less complex (F).  

Representative lateral confocal images of 72 hpf RB neurons are shown for each group.  Dorsal 

is up; anterior is right. The number of RB arbors from each transgene within each cluster is 

reported on the right. Scale on bottom represents relative distance between categories. Scale bar, 

100µm. 

 



 

Supplementary Table 1: List of transgenic/gene trap lines and other transgenes.  

Transgenic/Gene trap lines Allele numbers 

Tg(isl1:Gal4-VP16,UAS:EGFP), previously sensory:GFP zf154 

Tg(isl1:Gal4-VP16,UAS:dsRed), previously sensory:DsRed Zf234 

Tg(isl1(ss):Gal4-VP16,14xUAS:KikGR) LA203 

Tg(CREST3:Gal4-VP16,14xUAS:EGFP) LA204 

Tg(CREST3:Gal4-VP16,14xUAS:KikGR) LA205 

Tg(Fru.trkA:Gal4-VP16,14xUAS:ChR2-YFP) LA206 

Tg(Fru.p2x3-2[-1036:-731]:LexA-VP16,4xLexAop:mCherry) LA207 

Tg(-17.6isl2b:GFP) zc7 

Gt(PKCα-citrine), herein called PKCαct7a ct7a 

Gt(T2KSAG) j1229a 

Tg(trpA1b:EGFP) a4593 

Tg(p2rx3b:EGFP) sl1 

Additional Transgenes 

CREST3:LexA-VP16,4xLexAop:mCherry 

trpA1a:Gal4-VP16,14xUAS:KikGR 

Fru.trkA:Gal4-VP16,14xUAS:GFP 

Fru.trkA:LexA-VP16,4xLexAop:mCherry 

Fru.trkB: Gal4-VP16,14xUAS:GFP 

Fru.trkC:Gal4-VP16,14xUAS:GFP 

Fru.p2x3-2: Gal4-VP16,14xUAS:GFP 

 

	  



 

Supplementary Table 2.  List of primers for 5’ enhancer elements. Primer name (right 

column) and primer sequence (left column) are provided for each enhancer sequence. Lower case 

letters in primer sequence indicate attB sequences, uppercase letters are specific to the enhancer 

sequence. 

Primer name Primer Sequence 

attB4-CREST3 Forward ggggacaactttgtatagaaaagttgGTAACAGGATGTGACACGTCGTCTGC 

attB1-CREST3 Reverse ggggactgcttttttgtacaaacttgGCCTGCTGCTGGTGTCATTTACTGG 

attB4-trpA1a Forward ggggacaactttgtatagaaaagttgAACCTATTGCACTTGTATCAGCAG 

attB1-trpA1a Reverse ggggactgcttttttgtacaaacttgGGGCCATGAAGAAATTCTGA 

attB4-Fru.trkA Forward ggggacaactttgtatagaaaagttgGTTCCTCATTGGAACAACACC 

attB1-Fru.trkA Reverse ggggactgcttttttgtacaaacttgACTGTCGGGAAACAGGACAG 

attB4-Fru.trkB Forward ggggacaactttgtatagaaaagttgTCAAGGCTTTGCTCACATGC 

attB1-Fru.trkB Reverse ggggactgcttttttgtacaaacttgGTTTGAGGAGCCACAACACTC 

attB4-Fru.trkC Forward ggggacaactttgtatagaaaagttgGACACTGTAATTGCTTCGACTG 

attB1-Fru.trkC Reverse ggggactgcttttttgtacaaacttgTTTTCTGCAGTGCGTCAGCAG 

attB4-Fru.p2x3-2 Forward ggggacaactttgtatagaaaagttgCACCACTTTCGGAGGTGTCT 

attB1-Fru.p2x3-2 Reverse ggggactgcttttttgtacaaacttgGTCAGTGTGCACCAGAGAGC 
	  

 



 

Supplementary Table 3: List of antibodies used for whole mount antibody staining. 

 

Primary antibodies Antigen Source Dilution used 
    

PKCα Peptide mapping at the C-
terminus of human PKCα 

Rabbit polyclonal antibody from 
Santa Cruz Biotechnologies, Inc. 

(sc-208) 
1:500 

GFP/YFP/Citrine Full length Aequorea 
Victoria GFP 

Mouse monoclonal antibody from 
Clontech (Living Colors JL-8) 1:500 

DsRed/mCherry Full-length DsRed2 Mouse monoclonal antibody from 
Clontech (Living Colors 632393) 1:500 

    
Secondary antibodies Fluorophore Source Dilution used 

    
Goat anti-mouse IgG (H+L) AlexaFluor 488 Molecular Probes (A11001) 1:1000 

    
Goat anti-mouse IgG (H+L) AlexaFluor 568 Molecular Probes (A11004) 1:1000 

    
Goat anti-rabbit IgG (H+L) AlexaFluor 488 Molecular Probes (A11008) 1:1000 

    
Goat anti-rabbit IgG (H+L) AlexaFluor 568 Molecular Probes (A11011) 1:1000 

    
	  



 

Supplementary Methods 

Extracting Data from Neurolucida Explorer 

Individual neurons were traced in 3 dimensions using NeuroLucida software.  Data from 

each traced image was extracted using NeuroLucida Explorer.  Running the Segment analysis 

generated an Excel table showing, among other characteristics, the branch order and length of 

each segment.  Branches were ordered in this matrix so that the bottom-most branch shown was 

the root branch, from beginning to the first node.  The next branch up was a branch of order 2, 

off of the root branch.  The next one shown was a branch of order 3, and so on.   Upon 

encountering a branch of order x with a normal ending (i.e., one that did not split further), the 

program went back to the nearest node y.  The next segment displayed was the other branch of 

order x that originated at y.  After encountering the next ending, the program went back to the 

nearest node from which there was an un-displayed branch and displayed that branch.  The 

values for length and branch order of each segment were copied, preserving the original order in 

Excel, into a new worksheet, which was then saved as a .csv file.  The data also went into a 

spreadsheet titled worksheet Data.xls.  Both the .csv file and the spreadsheet were labeled with 

the name of the tracing. (The contents of the Data.xls spreadsheet do not matter; however, the 

name of the spreadsheet must match the name of the .csv file.)  All the data was then imported 

into a Matlab program we developed called Comparing_Distance_Matrices3. 

 

Creating the Distance Matrix 

After importing the Excel data, a distance matrix was created for each using the Matlab 

function DistanceMatrixFinal.  Given a branch A and its order x, the distance from branch A to a 



 

branch B of order y (assuming without loss of generality that B is above A in the Excel table) is 

the sum of the lengths of the branches between B and A.  The Excel table was used to extract the 

lengths of these branches for any given branches A and B.  The start of the root branch, every 

node, and every ending on the neuron was counted as a point and numbered.  The start of the 

root branch is 1, the end of the root branch 2, the ends of the second-order branches 3 and 4, and 

so forth.  Each entry (i, j) of the final distance matrix represents the distance between points i and 

j in that particular tracing.  A more detailed description of the methodology in creating this 

distance matrix follows. 

  When the Excel data was imported into DistanceMatrixFinal, it was flipped vertically, so 

that the last row of the table was the first row of the input matrix, the second-to-last row of the 

table was the second row of the input matrix, and so on.  To find the branches between branches 

A and B, it was assumed first that B was below A in the input matrix (i.e., B was above A in the 

Excel table).  First, considering the case where there was no branch of order less than A’s 

between A and B.  The lengths of the relevant branches were extracted assuming that every 

branch between A and B in the tracing must be between A and B in the table and have an order 

between x and y.  The relevant branch for each of these orders is the one closest to A in the 

matrix.  These lengths were then grouped together in a three-dimensional matrix R.  Given a 

branch i of order x and a branch j (above i) of order y, R(i, j, :) contains the lengths of each 

branch of order between x and y that is closest to row i in the Excel matrix. 

The matrix T that the contains the distance matrix, formed by summing the entries in 

each R(i, j, :).  As stated above, the start of the root branch, every node, and every ending on the 

neuron was counted as a point, so the # of points = 1 + # of branches.  Initially, the point at the 

end of the branch in row i was assigned to be represented by the i+1th row/column in the 



 

distance matrix.  Point 1 was the start of the root branch. The upper half of T was formed by 

summing the (i, j, :) entries of R and assigning that value to the (i, j+1) entry of T.  The diagonal 

was assigned to be all zeros, because the distance between a point and itself is zero.  In the case 

where going from point x to point y meant “backtracking” along a branch of lower order, T(x, y) 

was assigned to be zero, to be corrected as described below. 

If there was a branch between the ith and jth rows with order less than the order of the jth 

row, then R(i, j, :) also represented the lengths of the branches between i and j.  However, a 

slightly more complicated method was necessary to find these branches.  The lengths of those 

branches between branch i and the branch of minimum order between i and j (call it branch k) 

were found using the same method as mentioned above for branches where no backtracking was 

necessary.  The same was done for the branches between branches i and k.  All of these branches 

were then entered into R(i, j, :).  The sum of the entries in R(i, j, :) was then assigned to T(i+1, 

j+1).  The upper half of T was then complete, and the lower half formed by assigning T(i, j) to 

equal T(j, i). 

Finally, the numbers of the points in the tracing were reassigned, shuffling T.  The start 

of the root branch was point 1. The end of the root branch was point 2, the ends of the second-

order branches 3 and 4, and so forth, as described above. The new number of each point was 

found and assigned the old entry of T to its new coordinates. 

 

Comparing the Distance Matrices 

 Comparing_Distance_Matrices3 takes the tracings and compares each pair of them to 

generate a correlation coefficient.  All correlation coefficients were put in a matrix, where each 



 

(i, j) entry is the correlation coefficient between matrices i and j.  The correlation between a 

matrix and itself is 1, and all other coefficients range from 0 to the ratio of the sizes of the 

matrices.  The matrices are numbered according to the order of their spreadsheets in Data.xls.  

Only the upper half of the correlation coefficient matrix was computed, since the (i, j) and the (j, 

i) correlation coefficients should be the same, the lower half of the matrix was assigned to be the 

upper half reflected over the diagonal.  Each pair of matrices was compared by randomly 

choosing and shuffling rows and columns in a Monte Carlo simulation.  To fix the primary 

branch (i.e., the first row and column for each matrix), we replace rTest1 in the program with 

rTest2.  The program does this for a chosen number of iterations (this analysis was performed 

with 2500, 3000, 5000, 10000 iterations) and outputs the maximum global correlation 

coefficient.  Each coefficient is then multiplied by the ratio of the sizes of the distance matrices 

being compared.  The size of the distance matrix depends directly on the number of branches in 

the tracing, so this variable as well as the branch length is considered in the analysis.  

 

Constructing the Dendrogram 

 Once the matrix of correlation coefficients was computed, Matlab was used to find the 

Euclidean distances between each pair of coefficients in the correlation coefficient matrix.  Next, 

Matlab clustered these pairs, treating each row of the coefficient matrix as a row of observations 

(the coefficient when matrix i is compared with matrix 1, when compared with matrix 2, etc.).  

Thus, each row vector i “represents” the matrix i.  Three different methods of clustering the pairs 

were used.  The unweighted average distance used the average distance between all pairs of 

objects in the two clusters being combined.  These clusters may be single or already-combined 



 

row vectors.  The weighted average method does the same, only using weighted instead of 

unweighted averages (the distances are weighted by the size of the clusters being combined).  

Ward’s method uses the incremental sum-of-squares, meaning the increase in the total sum of 

squares as a result of joining the two clusters.  The sum of squares is defined as the sum of the 

squares of the distance between all entries in the row vector and the centroid of that vector. 

Each of these methods produced a matrix that Matlab converted to a dendrogram with at 

most thirty leaf nodes; since this analysis had seventy tracings, several nodes represented more 

than one distance matrix.  The indexing of the dendrogram function was used to determine the 

names of the tracings whose distance matrices were represented by each node.  

 

Brief Summary of Results 

 Given the similarity between the correlation coefficient matrices produced, the number of 

iterations did not appear to be important. The correlations between the matrices all rounded to 

0.99, except for those involving the 5000-iteration matrix (0.93, 0.90, and 0.95) and were 

probably smaller because the 5000-iteration matrix was larger than the other correlation matrices 

(since the 5000 analysis included 5 secondary trees).   

  The Ward method seemed to be slightly better for producing dendrograms.  Both the 

average and unweighted average methods clustered up to eight matrices into one node, for every 

number of iterations.  However, the Ward method clustered a maximum of six matrices per node 

for the 2500 and 3000 iterations, eight for the 5000 iterations, and only five for the 10000 

iterations.  This difference is likely not too important, though clustering too many matrices per 

node indicates more random clustering, since one would expect fairly even clustering. 



 

 One of the controls to test this program’s accuracy was separating Rohon-Beard and 

trigeminal neurons.   All of the dendrograms divided the tracings overall into two classes, which 

generally conformed to the Rohon-Beard/trigeminal division.  There was some overlap, but it 

appeared to be fairly consistent between all of the dendrograms. 

 Another control was analyzing different tracings of the same neuron to see how similar 

they would be.  Most of these tracings were consistently clustered together; for example, 

KikGR_Tg-8’s different tracings were clustered together in nearly all of the dendrograms, and 

were in adjacent clusters for the other dendrograms.  KikGR_Tg-9 had similar results.  Some 

different tracings of the same neuron did not appear together; this may be due to error on the 

tracer’s part.  For example, KikGR_Tg-6A and M always were clustered together, but 

KikGR_Tg-6C was always in a separate cluster. 

 


