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Abstract

This work presents a more sophisticated method to obtain three-dimensional neural cells than only to use the graph grammars known. Some interpolation functions related to shape measures extracted from biological neural cells are incorporated in the graph grammar and the stochastic production rules are controlled by the probability functions, not only probability. To interpret the grammars a parser has been generated, which accepts both stochastic and not stochastic grammars. The cells are viewed using a 3D visualization software specifically developed to show branching structures. The obtained cells are morphologically realistic because they are generated considering measures related to shape of natural cells.

Keywords: neural synthesis, stochastic graph grammar, conditional graph grammar, parser L-systems, three-dimensional neural cell viewer

1. Introduction

There are two different ways in the computational neuroscience: one studies the brain as a computer and the other studies the brain using a computer. In the first one, the encoding of the computational variables is analyzed in neural activity and the relationship between the properties of the neurons and the dynamic behavior of the neural networks. In the second, the mainly reason to use the computer to study the brain is the large amount of data resulting by neurophysiology experiments that the neuroscientists need to analyze
. Another important use of computers is in the simulation of neural systems. It is a powerful tool for allowing the accomplishment of several studies related to the biological behavior just using computational models. One of the largest progresses in this kind of simulation has been the modeling of morphologically realistic neural cells, which until very little time it was not considered in the existent models. This is very important by the fact of there being a number of researches that prove the existence of a relationship between the cell shape and function. One of the great importances of the neural morphology over function is the geometry of the neurites. It is responsible to several synaptic connections and extension of the neural structure defined during the formation of nervous system. These immense amounts of connections occur due to the morphologic variability of the neural structure. Another evidence of the existence of the neural shape/function relationship is that through the emission of electrodes, it is possible to find the function of a neural type and this function varies in agreement with the shape cells. 

The biological branching pattern formation is a process that has been widely studied, but is very far to be completely explained. Hamilton
 proposed the use of L-System to control the growth and modification of the morphology neural. Afterward, McCormick and Mulchandani
 suggested the use of torsion information and curvature to the generation of three-dimensional cells. Finally, Ascolli and Krichmar
 developed LNeuron that use a stochastic L-System to describe the neural branching geometrically and topologically. 

The work reported in this paper is related to the synthesis of three-dimensional neural cells by using stochastic graph grammars and polynomial functions. It is proposed associating McCormick3 and Ascoli4 ideas with the use of functions related to the neural morphology to generate the cells. Therefore, each neural class will have a grammar and a set of functions related to the shape measures of those cells.

Theses grammars present three important characteristics: (i) they allow the generation of different types of neural cells in the same structures; (ii) they include several features related to the shape extracted of natural cells; and (iii) each production rule presents polynomial functions (interpolation) to control the stochastic process.

The obtained 3D neural cells are viewed using a three-dimensional visualization environment generated by this purpose. 

2. Obtaining the Polynomial interpolations

First, it is necessary to obtain a set of shape measures of the cells. This work has concentrated itself on rat pyramidal cells (the files were acquired electronically in Canon
). The developed software to obtain the measures considers computer-acquired neuroanatomical files either Eutectic or Neurolucida format. Secondly, the measures considered in the generation of the artificial cells are calculated. The main shape measures considered are: numbers of primary branches, length and width of each dendritic segment and arc segment, and branching angles. These measures are organized according to the hierarchical level along the tree
.  

The next step is to estimate the probable density function and then the cumulative distribution functions (CDFs) that characterize the morphological properties of the neural cells. Except for the angles, each measure will generate a bivariated CDF whose random components correspond to the hierarchical level and the respective measure. The angles will generate a trivariated CDFs in which random components correspond, besides the hierarchical level, to two more measures (two angles). They are related to the torsion and curvature proposed in McCormick and Mulchandani3 work to generate three-dimensional cells. Two different groups of CDFs have been generated: one corresponding to the apical branches and another to the basal branches of the pyramidal cells. The Figure 1 presents some examples of CDFs created.

Finally, now we can obtain the polynomial interpolations of the CDFs. There are several methods able to accomplish polynomial interpolation. In this work the radial base functions
,
 are used. It is a great option for demanding few points for its application, so as facilitates the use in multidimensional spaces. Two groups of information are necessary for this interpolation: those known (in this case, the measures of the neural cells) and those we want to know (in this case, the measures that will be used in the generation of the cells in agreement with the probabilities and the level of each branch). The first group of information can be represented by a measure vector {m1, m2, m3, …, mn}, where n is the number of samples of a given measure. We can describe the function interpolation as: 
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where ((x) corresponds to basic radial basis function, wi is the contribution of the function ((x) in each distance x, ( is a constant term corresponding to translation of the ((x) to adjust it in the interpolation, and ( is a vector used to the rotation of ((x) in each dimension.  The function ((x) used in this work is defined by:


[image: image2.wmf]î

í

ì

=

=

F

otherwise

x

x

x

if

x

)

log(

0

0

)

(

2







       (2)

[image: image3.jpg]


                     [image: image4.jpg]Curnulative Distribution Functions for Diameter and Level

Level Diameter



      

                                       (a)




          
 
 (b)

Figure 1 – Examples of CDFs used in the generation of splines. (a) CDF of length dendritic segments by hierarquical level; (b) CDF corresponding of dendritic segment diameters by hierarquical level.

By the equation (1) and using the known value of m and F(m), we can calculate (, (, and w. After then, we use the equation (3) together with the calculated variables in (1) to estimate the unknown values of F(x), being x the values of the measure for which we want to estimate F(x). 
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We transpose the axes with the purpose of facilitating the implementation such that, being provided the hierarquical level and a random number (between 0 and 1), the function returns to a mean of measure. Therefore, we have used the graphics such as those exemplified in the Figure 2 and F(m) in the equation (1) corresponds to a measure (for example, diameter), m1  to the probability (CDF) and m2 to the hierarquical level. In the equation (3), x is a vector with x1 representing the probability and x2, the hierarquical level.
3. The graph grammar 

The use of graph grammar to generate neural cell was proposed by Hamilton2. In his work, he suggests the use of grammar to do computer-simulations of the growth and development of neurites. He adopted the interpretation used by Prusinkiewicz
, who used L-systems to the modeling of plants, to do the simulations of neural growth. The neurites are modeled using a L-system, which uses symbols and rules to do a visual and geometrical interpretation of system evolutions. The result is a string of symbols, which is interpreted graphically as a sequence of commands controlling the turtle. This turtle has maneuvers in three dimensions, can draw lines of various widths and colors, and rotate around any one of the three rotation axes. 

In L-System, all the variables of a sentence are substituted simultaneously. This is similar to the biological systems where several cells suffer divisions in the same time.

Prusinkiewicz also include in his work the stochastic L-systems to randomize the branching patterns as well as the growth rates of plant parts. This idea was included in the works of Ascoli and Krichmar4 to generate description of dendritic morphology. This kind of approach is interesting because we can use the same grammar to generate different results, but with the same patterns.
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Figure 2 – Examples of splines surface (CDFs with the transposed axis) used in the generation of neural cells. (a) length dendritic segment by CDF and hierarquical level; (b) diameters by CDF and hierarquical level.

In this work we have generated 3D neurons by including new paradigms in these grammars such as the association of a set of polynomial interpolations of statistical functions (SFs) to each basic production rule. They are used to express variations on the growth pattern in terms of the current interaction of the generation process or external influences such as chemical markers or neurotrophic factors. The SFs incorporate the precise statistical characterization of the morphological features of the neurons, which can also take into account the stage of the generating process (previous and current stages). 

A L-system parser has been developed to facilitate the interpretation of grammar. It allows the user to enter with any grammar (L-system), stochastic or not, and the result is the object obtained by this grammar. This parser does not consider the inclusion of SFs yet. An example can be seen in the Figure 3. This parser eases the definition of a grammar for each type of cell to be included in the neural structure.

The probabilities of each grammar rule have been defined by the functions probabilities obtained from the measured cells. This means we will not have a fixed probability for each rule production of the grammar, as it is common in the works use stochastic L-systems, but a probability function, that will allow to vary a probability depending on the branching level of the branch. The SFs used were the CDFs described in the previous section and these functions were incorporated in the grammar using polynomial approximation also described in the previous section. 

The approximation functions are related with the L-systems so that when the grammar is interpreted, the shape measures will influence the results.

4. Generating Neural Cells

We modified the known stochastic L-Systems to the generation of the neural cells. The grammar bellow represents a resumed model of our proposal. In this grammar we insert some control actions (lines 2, 3, 4, 6, 7, 7.1.1, 7.1.2 and 7.2.1), where the execution of a graphic operation is conditioned to the logic value of the expression (lines 6.1, 7.1 and 7.2). In the line 4 the Choose Segment Length (Level) chooses the dendritic segment length. This function uses the interpolation function described previously referent to the dendritic segment length of each branching level.
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Figure 3- Examples of L-system parser developed. Four different branching were obtained using the same stochastic grammar.

Since that the execution of its actions is not only depending on probabilistic functions, we call this model of conditional and stochastic grammar.

In the line 5, X is responsible for the drawing of a dendritic arc. We associate the LenghtCp(Level), Torsion(Level), Curvature(Level) and Diameter(Level) functions to the F symbol. This means that, using the segment level as parameter, each one of these functions chooses (in this sequence) the arc length to be drawn, curvature angle, torsion angle, and arc diameter. In this manner, we will have information of direction, length and thickness of the arc to be drawn.

The dendritic branching process starts in the level 1 with the X axiom and the choice of the dendritic segment length (line 4) Observe that there are several CDFs and thin plate splines associate with F in the line 5, such as arc length, torsion angle, curvature angle and diameter. We are using thin plate (interpolation function) to control the dendritic length, arc length and diameter. For the angles, we are using the CDFs because the two angles are dependent on themselves. Observe that the initial angles indicate the orientation of the branch that is starting to grow (leaving to the cellular body). While the sum of arcs does not reach the chosen length segment (line 6.1), the branch continues to grow until it reaches the length segment. After this length is reached, we use Monte-Carlo simulation, which involves randomly selecting a random number between 0 and 16,
 (line 7). This random number will be useful to verify the possibility of occurrence of branching of the actual dendritic segment. BranchProb(level), in the line 7.1, verify the corresponding value of branching probability in this level. If Bprob is smaller than the branching probability, then two new branches will start to grow, starting, thus, a new dendritic segment level. Otherwise, no more new branching will be to appear in this branch and it will be to stop growing (line 7.2). The process continues recursively until all the conditions are satisfied (all the branching stop growing).

By the fact that we are using Monte-Carlo simulation, each neuron generated is produced with different characteristics because of the random execution of the program that generates the cells. 

Grammar:

1.  Axiom : X

2. Level := 1;

3 SumCp := 0;

4. SdLength := ChooseSegmentLength (Level);

5. X ( FLengthCp(Level) Torsion(Level) Curvature(Level) Diameter(Level) Y 

6. SumCp := SumCp+LengthCp(Level);

           6.1  [SumCp < LengthSd] : Y(X 

7.  Bprob:=ChooseBranch(Level);

           7.1  [Bprob < BranchProb (Level)] : 
Y ( [-X][+X] : 

                                                           7.1.1. Level := Level + 1; 

                                                           7.1.2. LengthSd :=ChooseSegmentLength(Level);

           7.2  [Bprob > BranchProb (Level)] :
Y ( NULL

                                                            7.2.1 Level := Level –1;

Each neuronal dendrite is described as a series of small cylindrical compartments. Thus, these small compartments will be to express the tortuosity of the branches.

Finally, with the L-system defined and the approximation functions related to them, and using Monte Carlo simulation, we can generate the 3D cells, as those showed in the Figure 4.

An environment of three-dimensional visualization has been generated using OpenGL tool. This environment allows the volumetric visualization, including illumination, transparency, texture, rotations, translations and changes of scale of the generated neural structures. It also includes a menu of options to the variation of visualization parameters such as color, light intensity, properties of the light and of the material of the object (in the case, of the neurons), transparency, wire frame visualization, etc, besides being able to include textures. One example of this environment can be seen in the Figure 5. It also allows defining how much percentage of a neuron will be drawn (100%, 90%, etc.). The Figure 6 shows some examples of this option.

5. Conclusion

A new approach to the L-systems was proposed to generate neural cells. The study of cells showed in this work can provide important support to guide the studies of more complex cells in the future, like Purkinjie cell. 

Conditional statistics can be considered, such that the generation of the current branch takes into account parameters at the previous stages or a measure takes into account other measure. For example, we can consider that the diameter of the branch depends on its length. So, it is possible to verify if there is some relationship among the measures or hierarchical levels.

It is important to emphasize that this type of conditional statistics is already considered for the angles, once we have to work with two angles for the reason that we are generating three-dimensional cells. In this way, first of all we select a hierarquical level and a random number. Then, using the CDF, we can calculate an angle (curvature) and, given the curvature, we can calculate the torsion.

Other study that can be realized in the future is about the dynamic growth of the cell. For example, we can include the trophic file corresponding to varying concentration of ions, chemoattractiors or electric fields.

Figure 4 – Neural cells generated by the proposed method.
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Figure 5 – Environment to visualize three-dimensional cells.
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Figure 6 – Representation of three-dimensional cells drawn in different percentages.
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