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Abstract

This paper is an attempt to analyze the applicability of the small-world network model to fiber evidence. In forensic science, problems associated with the interpretation of scientific evidence (fiber evidence, in particular) are investigated with reference to measures of uncertainty associated with the presentation of such evidence. The presence of the small-world network phenomenon in fiber transfer definitely influences the probabilities participating in likelihood ratio (Bayesian approach). The major concerns of the author are to determine whether or not the small-world network model is applicable to the case of fiber transfer, to study the influence of such application, and to determine the possible improvements in the accuracy of fiber evidence.

The paper consists of three parts: a brief description of small-world network model, an application of small-world network phenomenon to fiber transfer, and a description of the experiment that can confirm previous results.

* Work done under the direction of J.Siegel, School of Criminal Justice, Michigan State University, in partial fulfillment of the requirements of MTH 844, advised by C.R. MacCluer and R.F. Svetic, Department of Mathematics, Michigan State University.
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Preface

The analysis of fiber evidence has advanced with developments and improvements in instrumentation, but placing these results in the proper context requires an understanding of the mechanisms of transfer and persistence of fibers, and the significance of finding foreign fibers at a crime scene. It is unfortunate that there has been little research into the significance of fibers in general, and transfer and persistence in particular, because the travels and ultimate fate of fibers at a crime scene can provide critical evidence about the movements and juxtaposions of victims and suspected perpetrators. The aim of the project is to increase the understanding of the dynamics of fiber transfer and its persistence, along with the possibilities of contamination, and the commonality of particular fiber.

Chapter 4 Description of the small-world network model.

1.1  Introduction
Many networks of interest in the social and natural sciences appear intuitively to embody significant elements both of structure and randomness. It has been established by many researchers (such as Milgram, 1967; Pool & Kochen, 1978; Kretzschmar & Morris, 1995; etc.) that a wide variety of real networks (almost certainly including the real, social world) exhibit the small-world phenomenon, defined as the coexistence of high, local clustering and short global path lengths. More generally, the small-world phenomenon is found to be characteristic of an abstract class of graphs that interpolates between highly-ordered and highly-random extremes.

The presence of small-world network is found in many real networks. The model has been studied not only by mathematicians, but also by biologists (biological oscillators, Strogatz and Stewart 1993) and medical researchers (neural networks, Crick and Koch 1998; genetic-control networks, Kauffman 1969; epidemiology, Hess 1996, Kretzschmar and Morris 1996). One of the reasons for such interest to the model is that it helps to understand the relationship between the dynamical properties of systems and their underlying structural characteristics. For example, the presence of the small-world connectivity is shown to affect dramatically the extent and speed of disease transmission.

1.2  Description of the model

Ordinarily, when considering a mathematical model of a network the connections between vertices are assumed to be either completely regular or completely random. But many biological, technological and social networks lie somewhere between these two extremes. The simple models of networks can be tuned through this middle ground --- regular networks can be ‘rewired’ to introduce increasing amounts of disorder. These systems can be highly clustered, like regular lattices, yet have small characteristic path lengths, like random graphs. They are called small-world networks, by analogy with the small-world phenomenon (Milgram, 1967; Kochen, 1989), popularly known as six degrees of separation (Guare, 1990). Dynamical systems with small-world coupling display enhanced signal-propagation speed, computational power, and synchronizability. In particular, infectious diseases spread more easily in small-world networks than in regular lattices.

We must first clarify the word ‘small’ used in the name of the model. In general, there is no precise description, but in terms of the model it means that almost every other element of the network is somehow ‘close’ to almost every other element, even those that are perceived as likely to be far away. The reason to perceive the world to be anything but small is formulated in these four criteria:

I.
The network is numerically large in the sense that the world contains   n >> 1 people.

II.
The network is sparse in the sense that each person is connected to an average of only k people (average degree of connection), which is at most on the order of thousands --- hundreds of thousands of times smaller that the population of the network.

III.
The network is decentralized in the sense that there is no dominant central vertex to which most other vertices are directly connected. This implies a stronger condition than sparseness: not only must the average degree k be much less than n, but the maximal degree kmax over all vertices must also be much less than n.

IV.
The network is highly clustered, in that most ‘friendship circles’ are strongly overlapping. That is, we expect that many of our friends are also friends of each other.

Watts (1999) in “Networks, Dynamics and The Small-World Phenomenon” states that all four criteria are satisfied by the real world. The first two conditions appear to be obvious, and the last two conditions (although they are harder to be sure of, and certainly harder to measure) also seem quite reasonable in the light of everyday experience.

For simplicity, the networks considered in this chapter will be represented as connected graphs (that means that any vertex can be reached from any other vertex by traversing a finite number of edges), consisting solely of undifferentiated vertices, and unweighted, undirected edges. These assumptions are unrealistic in general as many networks of interest in both the social and natural sciences are composed of weighted and/or directed relationships. However, generalizations of the resulting graph statistics to account for these added complexities --- although straightforward in principle --- may depend on the particular application at hand. Therefore, for the purpose of constructing an initial, broadly relevant framework, undirected but unweighted graphs are the natural starting point.

The first statistic of interest for a given graph is the characteristic path length L, defined here as the average number of edges that must be traversed in the shortest path between any two pairs of vertices in the graph. Characteristic path length (L) then is a measure of the global structure of the graph.

By contrast, the clustering coefficient C is a measure of the local graph structure. Specifically, if a vertex v has kv immediate neighbors then this neighborhood defines a subgraph in which at most kv(kv – 1)/2 edges can exist (if the neighborhood is fully connected). Let Cv denote the fraction of this maximum that is realized in v’s actual neighborhood and C is this fraction averaged over all vertices in the graph. Equivalently, C can be regarded as the probability that two vertices (u,v) will be connected, given that each is also connected to a “mutual friend” w.

Networks can be classified by these two statistics. In order to contextualize the results --- to decide, in effect, what is “small” and what is “large,” what counts as “clustered” and what does not --- it is necessary to determine the ranges over which L and C can vary. Three constrains are imposed upon this exercise:

i) The population size n is fixed.

ii) The average degree k of the vertices is also fixed such that the graph is sparse k << n but sufficiently dense to have a wide range of possible structures  k >> 1.

iii) The graph must be connected in the sense that any vertex can be reached from any other vertex by traversing a finite number of edges.

Fixing n and k enables valid comparison to be made between many different graph structures. It is obvious that clustering and length will change as more and more edges are added to any graph. An interesting question is how these statistics can change simply by rearranging a fixed number of edges among a fixed number of vertices. By insisting that all graphs be connected, L is guaranteed to be a truly global statistic. Hence comparison of characteristic path length is valid comparison of global structure.

1.3 Examples of highly clustered and totally random networks and their characteristics

Following two examples can help better understanding of the relationship between clustering coefficient and the structure of the graph.

A significant insight of the clustering is that although a connected graph can only attain the maximal value of C = 1 when k = n – 1, even a very sparse graph may have a clustering coefficient that is in practice indistinguishable from the completely connected case. The most clustered, sparse graph possible is what might be termed the caveman graph, which consists of n/(k+1) isolated cliques or “caves,” clusters of (k + 1) vertices within which all vertices are connected to all others, but between each clusters no edges exist at all. It is easy to see that this graph has C = 1, on a par with a complete graph. However, it fails another required condition --- that all graphs must be connected. Fortunately, global connectivity is an easy property to achieve in this case, simply by extracting one edge from each clique and using it to connect to a neighboring clique such that all cliques eventually form a single, unbroken loop. This connected caveman graph (Figure 1.1) can be shown to have a clustering coefficient of 
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which approaches 1 as k becomes large (without violating k << n). By inspection, one can also calculate the corresponding characteristic path length:
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Figure 1.3.1.  Schematic of the connected caveman construction.

Note that for n >> k,   L must necessarily be large and will also increase linearly with increasing n. Hence the connected-caveman graph can be used as a benchmark for a “large, highly-clustered graph.”

At the other extreme, no general, realizable structure can be shown to exhibit minimal characteristic path for arbitrary n and k (Bollobas, 1985), but a good approximation to the theoretical lower bound is realized by a random graph (Bollobas, 1985 where kn/2 out of all possible n(n-1)/2 edges are chosen at random and with equal probability. Precise formula do not exist for L and C of a random graph (according to Watts, 1999), but in the limits of large n and k, the corresponding asymptotic approximations are
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Note that not only is Lrandom << Lcaveman for any n >> 1, but that the scaling of Lrandom is logarithmic with respect to n, not linear. Hence, as n becomes larger, the discrepancy between the two extremes in length becomes increasingly pronounced. Note also that the sparse-graph condition (k <<  n) implies that Crandom is very small. Hence (recalling the probabilistic interpretation of the clustering coefficient) C can be thought of as a simple measure of order in a graph: --- graphs with C >> k/n (like the connected caveman graph) are considered ordered in the sense that vertices with at least one mutually-adjacent vertex are likely to be themselves adjacent and random graphs are naturally disordered.

1.4 Constructing real-world networks: theoretical algorithm and specifications

In the real world there exists a large family of graphs that interpolates approximately between the two extremes discussed above. It is one of the goals of this paper to examine the intermediate region for evidence of small-world effects.

For this purpose, it is natural to consider a model that captures, in some abstract sense, the formation of social connections. A number of social-network theorists have utilized the concept of a “social space” in which people exist as points separated by distance that can be measured according to some appropriately defined metric (Davidson, 1983). Unfortunately, this approach often dips into treacherous waters due to the inherent difficulty both of characterizing the space (which is all but unknown) and defining the metric (equally so). The following three assumptions avoid these difficulties:

· All networks can be represented solely in terms of the connections between their elements, assuming that whatever combination of factors makes people more or less likely to associate with each other is accounted for by the distribution of those associations that actually form.

· All connections are symmetric and of equal significance. That is, a definition of what is required in order to “know” someone is defined such that either two people know each other or they do not.

· The likelihood of a new connection being created is determined, to some variable extent, by already-existing pattern of connections.

One way to examine a whole universe of possible “worlds” that lie between the ordered and random extremes is to this in a precise and explicit fashion through a graph construction algorithm, which embodies the following features:

· At the ordered extreme, the propensity of two unrelated items (meaning they share no mutual friends) to be connected is very small. Once they have just one friend in common, however, their propensity to be acquainted immediately becomes very high and stays that way regardless of how many additional mutual friends they may have. In world like this one, it is almost a certainty that the only people anyone will ever connect to are those with whom they share at least one mutual friend. So, plotting “propensity to become friends” against “fraction of current mutual friends,” the propensity starts near zero, rises very rapidly to some relatively large number (which can be normalized to one) and then plateaus.

· At the random extreme, no-one has much propensity to connect to anyone in particular. In this sort of world, the “propensity versus mutual friends” curve remains near zero up until the point where all friends are mutual friends.

· In between these two extremes, the propensity curve can take any one of an infinite number of intermediate forms, specified by a single, tunable parameter, where it is important only that the dependency be smooth and monotonically increasing with respect to increasing mutual friends. These conditions are satisfied by the following construction:

                      Ri,j =   
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where

Ri,j = a measure of vertex i’s propensity to connect to vertex j (zero if they are already connected),

mi,j = the number of vertices which are adjacent both to i and j,

k = the average degree of the graph,

p = a baseline propensity for an edge (i,j) to exist, set at p = 10-10, and 

 = a tunable parameter, 0
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The equation (5) is, in principle, an abstract representation of a graph; or rather, for each value of , an enormous (but finite) number of potential graphs that share certain statistical characteristics. However, it seems unlikely that the properties of these graphs, and how those properties vary with  can be derived in any precise analytical sense. This is an important point, because a great deal of work in graph theory is analytical. However, analytical approaches are generally confined to cases where either n is small and the rules for constructing the graph are strictly deterministic, or n is so large that it can be treated as infinite and the rules are strictly random. The case presented by the equation above however, falls squarely into the messy no-man’s land between two extremes: n is large but not infinite; and the rule for constructing edges is partly-deterministic and partly-random, where even the balance between determinism and randomness varies as  changes. The only manner in which such a model can be analyzed is through a rigorous process of computer-based, numerical simulation. Adopting this approach the presented equation now forms the basis for a construction algorithm that builds a graph of specified n, k and .

Several problems arise from this algorithm (see Watts), but the following constraints on the choice of substrate minimize (although do not remove) this concern:

· It must exhibit minimal structure, in that no vertices are to be identified as special. This eliminates structures like stars, trees and chains that have centers, roots and end-points respectively.

· It must be minimally-connected. That is, it must contain no more edges than necessary to connect the graph in a manner consistent with previous constraint.

The only structure that satisfies both these criteria is a ring. One advantage of this choice of substrate is that for sufficiently small , it results in graphs that resemble the connected-caveman limit described above; that is, densely intra-connected clusters strung loosely together in a ring. It is less obvious that the random limit also can be attained with this additional structure built in. Nevertheless, numerical evidence suggests that this is precisely the case. Hence the ring substrate not only ensures connectivity, but also allows the model to interpolate between roughly the desired limits. More importantly, we will see that the results generated by the corresponding model exhibit sufficiently generic features in the intermediate regime that quite general conditions can be specified under which small-world networks should arise.

The clearest way to see this is to measure L and C for the -model, for fixed n and k, over a range of 0
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20. The following functional similarities between L and C revealed Figure 1.4.1 are

· For large , both statistics approach their expected random-graph values.

· At  = 0, both L and C are high relative to their random-graph limits, and increase (as  increases) to a distinct maximum at small .

· Both statistics exhibit a sharp transition from their maximum values to their large- limits.

So far the model appears to conform to the earlier statement that highly-clustered graphs have large characteristic path lengths and, conversely, that graphs with short characteristic path lengths are necessarily poorly clustered. However, L(a) and C(a) exhibit one important functional difference: the transition from large to small clustering coefficient occurs at a larger value of  than the equivalent length transition. The upshot of this disparity is that there exist a class of graphs in this region of  for which characteristic path length is small, but clustering is high. Thus the small-world phenomenon can be cast in graph-theoretic terms as the coexistence of high clustering and small characteristic path length.

1.5  Formal Definitions

Definition 1.5.1. A small-world graph is a large n, sparsely connected, decentralized graph (n >> k >> 1) that exhibits a characteristic path length close to that of an equivalent random graph (L~Lrandom), yet with a clustering coefficient much greater than clustering coefficient of an equivalent random graph (C >> Crandom).

This definition does not depend on the specifics of the graph-construction algorithm --- in fact, it can be applied to any graph regardless of its construction. Nevertheless, the definition is only interesting if the phenomenon it describes can also be shown to be independent of the specifics of the model --- in particular, the substrate. The reason for this is obvious: networks in the real world are no more likely to be constructed on ring substrates than they are to be completely ordered or completely random. This potential shortfall in the theory can be addressed in two ways. First, a variety of different substrates can be tested and their results compared with those generated above. If small-world graphs are still attainable over a significant interval of a values, then there is reason to think that they constitute a robust class of graphs. Second, a theoretical understanding of length contraction in partly-ordered, partly-random graphs may shed some light on the existence of small-world graphs and help to specify model-independent conditions that, if satisfied, will yield small-world graphs. First approach is straightforward but tedious. A second approach considered in this paper is a theoretical explanation of small-world graphs (presented in details in Watts, 1999).

Definition 1.5.2. The range r of an edge is the distance between the two vertices that the edge in question connects when the edge itself has been deleted. Equivalently, range can be thought of as the second-shortest path length between two connected vertices (where the shortest path length is necessarily one).

Definition 1.5.3. A shortcut is any edge with a range r > 2.

Definition 1.5.4. A parameter  is the fraction of all edges in the graph that are shortcuts. 

Definition 1.5.5. The probability pi is the probability that two randomly selected elements of a network would be connected via a shortest path consisting of i intermediaries. 

Pool and Kochen (1978) calculated expected values of pi under a variety of assumptions about local network structure and stratification. They concluded that the world was probably a small one, in the sense that chains of only a few intermediaries could generally connect randomly selected pairs. However, their assumptions concerning network structure and the independence of connections were so restrictive that they declined to place much weight on their hypothesis. Little progress has been made on this work since and Pool and Kochen’s conclusions remain essentially unchanged (Kochen, 1989).

1.6  Example of modeling small-world network.

Here we would like to give an example of a small-world network and its characteristics produced by Watts and Strogatz at 1998.

To interpolate between regular and random networks, consider the following random rewiring procedure (Figure1.6.1). Starting from a ring lattice with n vertices and k edges per vertex, we rewire each edge at random with probability p. This construction allows us to ‘tune’ the graph between regularity (p=0) and disorder (p=1), and thereby to probe the intermediate region 0<p<1. 
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Figure 1.6.1. Random rewiring procedure for interpolation between a regular ring lattice and a random network, without altering the number of vertices or edges in the graph.

We start with a ring of n vertices, each connected to its k nearest neighbors by undirected edges. (For clarity, n = 20 and k = 4 in the schematic examples shown here). We choose a vertex and the edge that connects it to its nearest neighbor in a clockwise sense. With probability p, we reconnect this edge to a vertex chosen uniformly at random over the entire ring, with duplicate edges forbidden; otherwise we leave the edge in place. We repeat this process by moving clockwise around the ring, considering each vertex in turn until one lap is completed. Next, we consider the edges that connect vertices to their second-nearest neighbors clockwise. As before, we randomly rewire each of these edges with probability p, and continue this process, circulating around the ring and proceeding outward to more distant neighbors after each lap, until each edge of the original lattice has been considered once. (As there are nk/2 edges in the entire graph, the rewiring process stops after k/2 laps). Three realizations of this process are shown, for different values of p. For p = 0, the original ring unchanged; as p increases, the grid becomes increasingly disordered until for p = 1, all edges are rewired randomly. One of the main results is that for intermediate value of p, the graph is a small-world network: highly clustered like a regular graph, yet with small characteristic path length, like a random graph.

Authors quantify the structural properties of these graphs by their characteristic path length L(p) and clustering coefficient C(p), as defined in the legend to Figure 1.6.1. Here L(p) measures the typical separation between two vertices in the graph (a global property), whereas C(p) measures the cliquishness of a typical neighborhood (a local property). The networks of interest to us have many vertices with sparse connections, but not so sparse that the graph is in danger of becoming disconnected. Specifically, they require n >> k >> ln(n) >> 1, where k >> ln(n) guarantees that a random graph will be connected. In this regime, we find that L ~ n/2k >> 1 and C~3/4 as p 
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 0, while L
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 Lrandom ~ ln(n)/ln(k) and C
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 Crandom ~ k/n<<1 as p
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 1. Thus the regular lattice at p=0 is a highly clustered, large world where L grows linearly with n, whereas the random network at p=1 is a poorly clustered, small world where L grows only logarithmically with n. These limiting cases might lead one to suspect that large C is always associated with large L, and small C with small L.
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Figure 1.6.2. Characteristic path length L(p) and clustering coefficient C(p) for the family of randomly rewired graphs described in Figure 1.6.1.

Here L is defined as the number of edges in the shortest path between two vertices, averaged over all pairs of vertices. The clustering coefficient C(p) is defined as above. The data shown in the figure are averages over 20 random realizations of the rewiring process described in Figure 4.2., and have been normalized by the values L(0), C(0) for a regular lattice. All the graphs have n = 1,000 vertices and an average degree of k = 10 edges per vertex. We note that a logarithmic horizontal scale has been used to resolve the rapid drop in L(p), corresponding to the onset of the small-world phenomenon. During this drop, C(p) remains almost constant as its value for the regular lattice, indicating that the transition to a small world is almost undetectable at the local level.

On the contrary, Fig. 1.6.2. reveals that there is a broad interval of p over which L(p) is almost as small as Lrandom yet C(p)>>Crandom. These small-world networks result from the immediate drop in L(p) caused by the introduction of a few long-range edges. Such ‘short cuts’ connect vertices that would otherwise be much farther apart than Lrandom. For small p, each short cut has a highly nonlinear effect on L, contracting the distance not just between the pair of vertices that it connects, but between their immediate neighborhoods, neighborhoods of neighborhoods and so on. By contrast, an edge removed from a clustered neighborhood to make a short cut has, at most, a linear effect on C; hence C(p) remains practically unchanged for small p even though L(p) drops rapidly. The important implication here is that at the local level (as reflected by C(p)), the transition to a small world is almost undetectable. To check the robustness of these results Watts and Strogatz have tested many different types of initial regular graphs, as well as different algorithms for random rewiring, and all give qualitatively similar results. The only requirement is that the rewired edges must typically connect vertices that would otherwise be much farther apart than Lrandom.

1.7  Validity

In the absence of definitive data for the whole world, and alternative test of the small-world problem is to determine the minimum conditions that are both necessary and sufficient for the world to be small.

The idealized construction presented in the above section (see 1.6) reveals the key role of short cuts. It suggests that the small-world phenomenon might be common in sparse networks with many vertices, as even  a tiny fraction of short cuts would suffice. To test this idea, Watts and Strogatz have computed L and C for the collaboration graph of actors in feature films (generated from the data available at http://us.imdb.com), the electrical power grid of the western United States, and the neural network of the hematode worm C. elegans (Achacoso & Yamamoto, 1992). All three graphs are of scientific interest. The graph of film actors is a surrogate for a social network (Wasserman & Faust, 1994), with the advantage of being much more easily specified. The graph of the power grid is relevant to the efficiency and robustness of power networks. And C. elegans is the sole example of a completely mapped neural network.
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Empirical examples of small-world networks

L

actual

L

random

C

actual

C

random

Film actors

3.65

2.99

0.79

0.00027

Power grid

18.7

12.4

0.080

0.005

C. 

elegans

2.65

2.25

0.28

0.05


Characteristic path length L and clustering coefficient C for three real networks, compared to random graphs with the same number of vertices (n) and average number of edges per vertex (k). (Actors: n= 225,226, k= 61. Power grid: n= 4,941, k = 2.67. C. Elegans: n = 282, k = 14.) The graphs are defined as follows. Two actors are joined by an edge if they have acted in a film together. We restrict attention to the giant connected component of this graph, which includes ~90% of all actors listed in the Internet Movie Database (available at http://us. Imdb.com), as of April 1997. For the power grid, vertices represent generators, transformers and substations, and edges represent high-voltage transmission lines between them. For C. elegans, an edge joins two neurons if they are connected by either a synapse or a gap junction. We treat all edges as undirected and unweighted, and all vertices as identical, recognizing that these are crude approximations. All three networks show the small-world phenomenon: L
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 Lrandom but                          C >> Crandom.
Table 1.7.1 shows that all three graphs are small-world networks. These examples were not hand-picked by authors (Watts & Strogats); they were chosen because of their inherent interest and because complete diagrams were available. Thus the small-world phenomenon is not merely a curiosity of social networks (Milgram, 1967; Kochen, 1989) or an artifact of an idealized model --- it is probably generic for many large, sparse networks found in nature.

The authors of this paper were trying to find some theoretical base in order to decide whether or not the particular physical (social, real-life, etc.) model can be classified as small-world network. Some of the definitions and ‘theorems’ (somehow acceptable) were found in the same article written by Watts in 1999.

Using the terminology presented above we now can formulate the sufficient set of condition, presented by Watts, 1999, for the existence of small-world network:

Any graph with the property n>>k>>1, which exhibits (a) a clustering coefficient C>>k/n, and (b) a small fraction of long-range shortcuts will be a small-world graph.

If this conjecture is true, then small-world graphs can be realized by a great many construction algorithms, of which the -model is but one. However, it also suggests that there are many kinds of partly-ordered, partly-random graphs in which the small-world phenomenon will not occur. The key criterion that the small fraction of introduced shortcuts be ‘long range’ is really equivalent to the statement that new connections be determined without regard to any kind of external length scale imposed upon the graph (such as by explicitly disallowing connections to be made between vertices that are separated by greater than a certain physical distance). It is the independence of any external length scale that enables a tiny fraction of shortcuts to collapse the characteristic path length of the system to near its asymptotic, random-graph value, without significantly reducing the corresponding clustering coefficient.

This constraint implies that the small-world phenomenon is unlikely to be exhibited by networks whose connectivity is determined solely by physical forces, which imply corresponding length scales.

Although the above conjecture appears to be a sufficient condition for the existence of small-world networks, it turns out that it is not necessary. In other words, it is possible to contract between distances in large graphs with a negligible effect on the clustering, without using any shortcuts at all. The simplest example of such situation is detailed in the Figure 4.6, from which it is obvious that groups of vertices are being brought closer together by virtue of a single common member but that none of the edges involved is a shortcut. Fortunately, a simple modification of the definition of a shortcut is adequate to capture this new scenario:

Definition 1.7.1. A contraction occurs when the second-shortest path length between two vertices, sharing a common neighbor, is greater than two. In other words, a contraction is a pair of vertices that share one and one common neighbor.

Definition 1.7.2. By extension, can be defined as the fraction of pairs of vertices with common neighbors that are contractions.

The results displayed in the Figure 1.7.3 can be expressed in terms of see Figure 1.7.4) which again shows the coexistence of small L and large C over a large range of It follows from these definitions that a shortcut is simply a special case of a contraction in which one of the “groups” consists of a single vertex. Long-range contractions are thus a more general mechanism than shortcuts for generating small-world network. In principal though, both shortcuts and contractions achieve essentially the same end – to connect what would otherwise be distant part of a large, sparse graph with a large characteristic path length. Hence, because shortcuts are conceptually simpler and require less computational effort, all results in this paper are stated in terms of , bearing in mind that they can be recast in terms of if necessary.

Small-world network and fiber evidence

2.1 Statistical analysis and forensic science

Problems associated with the interpretation of scientific evidence (fiber and glass) in forensic science are investigated with reference to measures of uncertainty associated with the presentation of such evidence. The investigation includes the use of probabilistic arguments associated with expert scientific testimony in the courts. Series of problems are closely linked to the assessment of the likelihood ratio. 

Forensic evidence has by its nature of making comparisons a close link to statistical assessment. The Bayesian approach combines prior background information  with new data to give posterior probabilities for particular outcomes or issues. The likelihood ratio measures the value of the evidence. It is a ratio of probabilities but not an odds statistic.

Next we would like to present the example of a particular case, as an illustration of the use of fiber evidence and the assignment of probabilities, participating in likelihood ratio.

Example. (From Taroni and Aitken, 1998) 

A number of sets of foreign fibers are recovered from a crime scene, where only one of the sets was compatible with a shirt (composed of only one fiber type) belonging to a suspect. Foreign fibers are those, which can be distinguished from the crime scene and the habitual garments of any victim. Here is a presentation of the scientific evidence:

One set of fibers was found on a pullover of a victim who had been physically assaulted. These fibers were consistent with fibers from a shirt belonging to a suspect. The forensic scientist who gave evidence in relation to the fibers, said that the forensic science laboratory kept records of all fibers submitted for analysis and that this kind of fiber was found in only 1% of the fibers examined in the laboratory. This represents possible transfer from the suspect to the victim with one set of fibers. (The same likelihood ratio was obtained when two sets of fibers were recovered from the victims’ pullover, and one set of fibers was consistent with fibers belonging to a suspect.) 

In this scenario the value of the fiber evidence can be calculated through a likelihood ratio (LR)

LR  = 
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where:

H1 is the assumption that the suspect is the offender,

H2 is the assumption that the suspect is not the offender and another man is the offender,
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equals the probability that matching fibers have been transferred from the offender’s shirt to the victim’s pullover assuming H1 to be true. The fibers have remained and have been recovered. 
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equals the probability that matching fibers have been transferred from the offender’s shirt to the victim’s pullover assuming H2 to be true. The fibers have remained and have been recovered.

f is the estimated frequency of the compared characteristics in the extraneous similar-sized sets of fibers found on the victim’s pullover.

b0 is the probability of no occurrence by chance of a set of foreign fibers on the victim’s pullover.

b1 is equal to the probability of an occurrence by chance of one set of foreign fiber on the victim’s pullover.

If it is assumed that the fibers are related to the assault then the following estimates are reasonable (according to Taroni and Aitken) for both scenarios:

b0 = 1 since it is discovered that the victim’s pullover is regularly cleaned. This probability can be assumed close to 1. Therefore b1 is close to 0.
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= 1 since it is assumed that, on average, a large number of fibers are transferred and recovered in cases similar to this one, when H1 is assumed true.
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 = 1 since it is assumed that, on average, a large number of fibers are transferred and recovered in cases similar to this one, when H2 assumed true.

We will not discuss the reasonability of 
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, but we would like to take a closer look at the assumption that b1 --- the probability of an occurrence by chance of one set of foreign fiber on the victim’s pullover --- is equal to 0. Taroni and Aitken (1998) provide the following reason to assign this probability: “It is discovered that the victim’s pullover is regularly cleaned. Therefore b1 is close to 0.” The questions that we addressing here concerning this matter are as follows:

If the victim’s pullover has not been cleaned just right before the assault, is it possible that the recovered fibers came from another person? What is the probability of this possibility?

Note: In an actual case, of course, there is other evidence taken into the consideration: such as, it is important not only to focus on the fibers that match the suspect’s garments, but also to consider other sets of fibers, the existence of which is compatible with the assault (that is included in likelihood ratios), and to consider the presence or absence of second evidence in cross-transfer, and so on.

In order to answer this question we tried to study the dynamic of fiber transfer and made the attempt to create a fiber transfer network. The network that we chose as a model is a so-called small-world network.

As it can been seen from the previous paragraphs of the Chapter 1, we have tried to accomplish several tasks: (1) to find the rigorous definition of a small-world network (which we did); (2) to find the appropriate procedure to model the small-world network (which is presented in section 1.6 on page 13); (3) to find the deterministic characteristics of small-world phenomenon, that is, to find the sufficient and necessary condition to determine whether or not particular model can be described by this small-world model.

Next we will try to apply the knowledge gathered to decide whether or not a small-world network could be considered for modeling the fiber transfer. Small-world phenomena arise under quite weak conditions in large, sparse, partly-ordered and partly-random networks. As noted in the previous section, small-world graphs occur for values of  at which most vertices have no shortcuts at all. Most of the applications presented above were formulated in terms of social network, but the useful aspects of the corresponding conjecture is that it is quite general, specifying neither the nature of the vertices and edges, nor a particular construction algorithm required to build the graph. Many real networks, satisfying the required n (large) and k (sparse) conditions, should turn out to be small-world networks. 

We found several papers on fiber persistence (Roux, Langdon, Waight,& Robertson), fiber recovery (Roux &  Margot), and primary fiber transfer (Roux &  Margot). Unfortunately, there is very little research done on the secondary transfer of fibers, and nothing on any additional fiber transfer. 

That is why we were unable to perform any prescriptive procedures defined in previous sections, i.e. we could not create an actual mathematical simulated model. (We have no data!). Therefore, we will try to give some common sense reasons why transfer of fiber should work as small-world network. We also suggest the possible equivalent models from other fields to the transfer of fibers, and suggest some experiments that can be done in a near future in order to check our theory.

The intuitive reason for considering the small-world network model as a model for fiber transfer is the fact that the social network follows the same model. If people communications are organized according to the small-world network, then it is reasonable to suspect that everything that involves people interaction should also follow this model. But as we seen in the previous sections, transfer that involves only physical contacts are not likely to obtain the features of small-world network. 

2.2 Fiber transfer: Regularity

Let us try to trace the contacts of an average person on a regular day. By contacts we mean actual physical contacts with people (when fiber transfer can occur, hugging for example), or contact with the objects, that can lead to fiber transfer. Obviously, even though we know and might meet a lot of people in one day, it does not matter that we necessarily have physical contact with them. Our physical contacts are limited to our close family and close friends. Our regular contacts with objects are also limited to several places; a house, a car, an office. That definitely limits the contacts (or edges) of the network to a ‘cave’ (in association with the ‘cave’ model described by Watts, 1999). The following Figure represents the usual ‘cave’ of regular people.

                                                Car

Husband                                               
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Wife                                                                      

                                                                       Office            Children

Figure 2.2.1. The representation of the typical connections between people in one household as a ‘cave’.

In this cave each vertex is connected to any other vertex. Obviously, fibers from any member of the cave can be found on any vertex belonging to the cave. This cave model can be considered as typical for the average family of the population. (Figure 2.2.2)  
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Figure 2.2.2.  ‘Cave’ model for the population.

At the same time caves are connected to each other. People, especially, housewives, house-husbands or children frequently visit their neighbors’, relative or friends, so that the structure is totally repeating the cave model presented by Watts (1999). To simplify the model we now will consider each cave (or household) as a vertex for a new representation of the model. 

In Figure 2.2.3 each vertex represents the cave and the edges represent the usual exchange of the fibers between households. According to this representation, there is no shortcuts in the model: even though we can have physical contacts with our friends and households that are far away, the time lapse between the contacts is large, and any transferred fibers have disappeared. The dotted lines on the figure 2.2.3 represent these connections.
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Figure 2.2.3.  Model of the population with existing connections between households.

As we can see from this model, the presented network is highly clustered with very long characteristic path length. This model is totally ordered and the probability of the fiber transfer from vertex i to vertex j is very close to 0. Apparently, as we can see from the presented above example this model is typically considered as working one in forensic science. Unfortunately, reality is more complicated and transfer of fibers is not so ordered.

2.3  Fiber transfer:  Public places as the shortcuts

The previous sections on small-world network reveals the important role of shortcuts. Now we will consider the connections that can serve as the shortcuts in our very clustered model. 

Although the average person’s contacts with the outside world (in the sense of fiber transfer) seem to be limited to the household and several other regularly private visited places, people also visit public places on more or less regular basis. By public places we mean places that are commonly visited by large number of people --- cafeterias, bars, restaurants, libraries, buses, subways, etc. There is no doubt that fiber transfer can easily happen in these places. We transfer fiber to the seats, benches, floors of these places, and then these fibers are transferred to the clothes of other people visiting the same places. The arising question is: “How many fibers are transferred by public places?” We will rephrase this question in more appropriate terms for our model: “What is the percentage of shortcuts created by the transfer of fiber in public places?”

The intuitive answer to this is “not very many”. There are several reasons for why a little fiber transfer occurs in public places. First of all, most of the surfaces in the public places (seats and floors, for example) are made out of the materials that are non-adhesive, such as vinyl or plastic and therefore, even if the contact between the garment and the surface occurs, fibers are not transferred. Secondly, surfaces in public places are regularly cleaned, so even if the pool of fibers has been transferred to the seat or other surface there exist a very good possibility that it will be cleaned before the secondary transfer (from the surface to another person’s garment) can occur. In 1997 E. Kelly and R.M.E. Griffin conducted a survey to assess the random ocurrence of a relatively common fiber used in a mass-produced garment on the seats in public houses (pubs) throughout the United Kingdom. A man’s navy blue 100% lambs wool pullover was chosen. Fiber tape lifts were taken from the total of 80 seats in 16 randomly selected public houses in various locations. A total of 292 fibers were found on the tape lifts whose absorption spectra were similar to the target spectrum. Of these 292 fibers, 203 (69.5%) were blue wool. The authors performed a variety of tests in order to find matching fibers. Only 9 fibers were found indistinguishable from the target fiber, but at the same time these fibers also were less than 2 mm in length and which is insufficient for dye analysis. Only two fibers (less than 1% of the collected population) showed a barely visible blue spot and therefore can be counted as indistinguishable form the target fiber. 

Common sense and the example of the study presented above strongly suggest that although fiber transfer can and does occur in public places, the transfer is insignificant; it is unlikely that a large number of particular fiber will be found by chance. Therefore, the role played by the public places as shortcuts in our model of fiber transfer is small. The amount of these shortcuts is not enough (less than 1%) to make the model a small-world network model. 

2.4  Fiber transfer: class evidence

So far, we have demonstrated that the model of fiber transfer is highly clustered, and at the same time we have presented some factors that can serve as shortcuts. Unfortunately, public places do not provide enough amount of randomness in order to make our model a small-world network model. Now we will consider another factor that can connect the ‘far away’ vertices in our model and therefore add some randomness to it. 

Technology in the modern world develops very quickly. This author has been surprised to find out how many different tests can be performed on fibers, and how many distinguishable characteristics modern forensic scientists are able to find even in cases when fibers are very short. At the same time, despite all the possibilities of contemporary technology fiber evidence is still a class evidence. Until this day forensic scientists can not distinguish  fibers of the same class with certainty.

 Fibers in circulation at present are extremely diverse and the frequency of a target fiber in casework may be anything from common to rarely encountered. When an examiner is able to demonstrate the possibility of fiber transfer in a criminal investigation, the random occurrence of specific fiber types in the general fiber population becomes important. 

The next question is to determine how much of the randomness does this in fact bring to our model. We consider each household to be a vertex in our model and we connect two vertices if garments whose fibers belong to the same class are in present in both households. From the common observations we can conclude that regular household contains a lot of garments. Most of them are not the same, but at the same time the probability that one households contain at least one garment whose fibers are undistinguishable from the fibers of a garment from another household is very high. This probability is especially high for the ‘popular’ fibers, i.e. the fibers that come from the mass-produced garments, such as jeans, heavy cotton Tee-shirts and pullovers and so on. At the same time this probability is smaller for the fabrics that are not so popular, but on average, the percentage of the edges connecting ‘far away’ vertices is very high. Figure 2.4.1. presents the model of fiber transfer with the added edges.
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Figure 2.4.1. Model of the fiber transfer. Edges are connecting households that contain garments whose fibers belong to the same class.

2.5 Fiber transfer: Why it is not totally random

After considering the factor that fiber is a class evidence and adding the shortcuts created by this fact, we now face another problem. If almost every household contains at least one garment whose fibers are undistinguishable from a garment belonging to another household, then we have the network that is highly random. In this network (as we can see from the Figure 2.4.1) average length between two randomly selected vertices is very short. At the same time, we should not forget that while adding edges to our model based on fiber being class evidence, we considered all garments that each household contains. In reality, we should also take into the consideration two very important factors  that influence existence of connections  between vertices in  our  model 

--- time and places. These factors greatly reduce the number of edges in the previously constructed model and make it more similar to a small-world one.

In practice, it is still unknown how exactly factors mentioned above reduce the randomness in our model. In order to answer this question we either need an analogous model from another field or to collect the data on fiber transfer. At the same time researchers (Watts, 1999, Pandit and Amritkar, 1999) have found the range within which the percentage of the shortcuts should fall. Below we provide the picture that shows three different regions of behavior for the random and caveman graphs. The values of the middle region give us the range of values for probability p that corresponds to a small-world network. This range is from p  = 0.01 to p = 0.4, which means that the percentage of the shortcuts in the small-world network model can vary from 1 to 40%.
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Figure 2.5.1. Different regions of behavior for the random and caveman graphs.

2.6  Analogous models

As has been mentioned before, the presence of small-world network found in many social networks, and has been studied not only by mathematicians, but by biologists, medical researches, etc. Existence of the small-world network effects dramatically the spread of epidemics, the reason why medical researchers have particular interest in studying this phenomenon. The transfer of many diseases, such as common flu, cold, AIDS, and sexually transmitted diseases, has been proven to follow the small-world network model. 

 In a process of deciding whether or not fiber transfer network obtains the properties of small-world network, we took a close look at work that has been done in medical field. We then attempted to find the analogous model to the fiber transfer, among the models describing different diseases. We needed to find an existing disease that has the same way of transmission as fibers, i.e. it can be transmitted by a physical contact, through objects, and cannot be transmitted through blood, air, by insects, sexual contacts and so on. Unfortunately, diseases like common flu, cold and even AIDS do not fulfill these requirements. The best match has been found with leprosy. 

According to the description of leprosy found in Webster dictionary and leprosy web site (at http://web.raex.com/~bbeechy/leprosy.html) this disease can be definitely transmitted from one person to another through the skin and material objects (such as furniture, toys, clothes, etc); M. Leprae bacteria can survive outside the humane host for several days or even weeks, but at the same time there is absolutely no evidence that transmission can be accomplished through sex. 

While doing research on leprosy, authors have faced several difficulties with the model. First, some resources mentioned the possibility that leprosy can be transferred through the upper respiratory tract, or by insects. Whether or not leprosy can be transmitted this way remains unanswered, but even the possibility that this kind of transfer exists raises some doubts whether or not leprosy transmission model can be used as a prototype for the model of fiber transfer. The second difficulty authors faced during this part of research is of a different nature. The spread of leprosy in the past had a very large magnitude. However, in recent times a progress has been made and today this disease is 100% curable. The WHO (World Health Organization) does not predict any future epidemic of this disease and as a result leprosy does not attract the same attention from the medical researchers as more uncontrollable diseases. The peak of leprosy spread has been many years ago when nobody even considered application of mathematical models to medical field. Nowadays leprosy has not been studied intensively. This leaves authors not only without the data usable for the creation of the network model for this disease, but also without any hope to find such kind of data in near future. In spite of the discouraging factors, we have a strong  feeling that the analogy between leprosy transmission and fiber transfer is a valuable one, and will be looking for the further evidence and data that can be helpful in creating an analogous model.

 Proposed experiment

3.1 Basic principles of designing an experiment
Experimental design methods have found broad application in many disciplines. In fact, we may view experimentation as part of the scientific process and as one of the ways we learn about how systems or processes work. Generally, we learn through a series of activities in which we make conjectures about a process, perform experiments to generate data from the process, and then use the information from the experiment to establish new conjectures, which lead to new experiments, and so on.

To use statistical approach in designing and analyzing an experiment, it is necessary that everyone involved in the experiment have a clear idea in advance of exactly what is to be studied, how the data are to be collected, and at least a qualitative understanding of how these data are to be analyzed. An outline of the recommended procedure considered in this chapter has been found in Montgomery (1997) and is shown in Table 3.1.
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Guidelines for Designing

an Experiment

1.    Recognition of and statement of the problem

2.    Choice of factors, levels, and ranges

1

3.    Selection of the response variable

1

4.    Choice of experimental design

5.    Performing the experiment

6.    Statistical analysis of the data

7.    Conclusions and recommendations


1 In practice, steps 2 and 3 are often done simultaneously, or in reverse order.

In this chapter we tried to more or less follow this recommended procedure, although the procedure is separated only in three parts.

3.2 Rationale for the experiment

Step 1. Recognition of and statement of the problem.

In many cases, the recognition of, and statement of the problem may seem to be a rather obvious point, but in practice it is often not simple to realize that a problem requires experimentation, nor is it simple to develop a clear and generally accepted statement of this problem. A clear statement of the problem often contributes substantially to a better understanding of the phenomena and the final solution of the problem.

 The overall goal of this project was to determine whether or not fiber transfer follows the structure and dynamic of the small-world network. During the investigation it has been found that fiber transfer network is highly clustered and several factors that contribute to the randomness of the network. There are two major factors that serve as shortcuts in our model --- public places and the fact that fiber is a class evidence. At the same time the role each of the factors plays in contributing to randomness is not the same. It is obvious that fiber evidence as class evidence adds more shortcuts to the model than public places.

Considering the characteristics of the small-world network model (from Chapter 1) we can say that a regular network acquires the properties of a small-world network with only a very small fraction of connections or edges rewired to faraway vertices. It requires only 1% of connections to be shortcuts in order to turn regular (totally organized) network into a small-world model. In our case we should be concerned with the number (percentage) of the fibers that belong to the same class when carriers of them are chosen randomly (or not so randomly) from the population. 

Summarizing all of the above, we now can state our problem.

The objective of the investigation is to determine the number of shortcuts in the proposed model for fiber transfer. The fact that fiber evidence is a class evidence plays the most important role in creating shortcuts. Therefore we would like to find the number (percentage) of these shortcuts. In the other words we would like to find the percentage of people from the population that carries the same type of the fiber. This number (percentage) can be obtained by performing the following experiment. 

3.3 Design of the experiment

This part of the chapter 3 is dedicated to the development of the second through sixth steps from the table 3.1. 

Step 2. Choice of factors, levels, and ranges. (As noted above, steps 2 and 3 are often done simultaneously, or in the reverse order.)

 The experimenter must choose the factors to be varied in the experiment, the ranges over which these factors will be varied, and the specific levels at which runs will be made. 

In our case we should consider the factors that affect the choice of garments worn by people. This choice is definitely depends on several factors and their ranges. Among them are: weather conditions, season of the year, time of the day, and location of the experiment. However we might and should ignore some of these factors, such as weather conditions and time of the day. These factors should be ignored for the reason that fibers might stay at the crime scene for more than a day, and during the period of fiber persistence in one place weather conditions and time are changing reducing the possibility of the appearance of an undistinguishable fiber at the same place by chance. Season of the year also reduces the possibility of the appearance of matching fibers. Fabrics (and therefore fibers) used in creating garments for the cold seasons differs significantly from the fabrics used for the summer clothes. At the same time, under the usual circumstances, the period of fiber persistence at the same place is not very long (almost certainly less than a half year). Therefore, we should take the season of the year into consideration as a factor influencing our experiment and perform the experiment during one season of the year. 

Location of the experiment also has influence on the diversity of fibers classes. It is unreasonable to collect the sample of fibers from two (or more) persons that are located on different continents, because by the nature of fiber transfer distance destroys many possible connections in our model. 

The Author leaves open the choice on how many levels of each variable to use for  discussion. At least for the first run of the experiments, we should choose one level for each factor, and the choice of this level should be made based on the availability of resources, equipment, and so on. As is mentioned by Montgomery,  “Process knowledge is required to do this. This process knowledge is usually a combination of practical experience and theoretical understanding. It is unlikely that one person has all the knowledge required to do this adequately in many situations. Therefore, we argue strongly for a team effort in planning the experiment”.

Step 3. Selection of the response variables
In selecting the response variable, the experimenter should be certain that this variable really provides useful information about the process under study. Most often, the average or standard deviation (or both) of the measured characteristic will be the response variable. Multiple responses are not unusual. Gauge capability (or measurement error) is also important in planning an experiment. In our case the role of the response variable is played by population proportion, since the proportion of the shortcuts in the model is responsible for the dynamic of the network. At the same time we should take into the consideration that our targets (i.e. people participating in the experiment) will carry not only a single type of fibers. Therefore in a collection of the data the experimenter might want to collect all types of fiber carried by the targets, and then calculate the proportion for each distinguishable type. The experimenter also might want to choose the different approach, to pre-select the specific fiber type before the experiment and later classify each target as a carrier or non-carrier of this type. Both approaches have positive and negative sides. The first approach will create a huge database, and will require a lot of time both to collect and organize the data, and then to analyze it. On a positive side this approach allows us to calculate the proportion for many types of the fiber at once, and then do the averaging among the whole population of garments. The second approach is certainly less time consuming, but require a very careful pre-selection of the fiber type in order for this type be representative for the population.

Step 4. Choice of experimental design

If the pre-experimental planning activities above are done correctly, this step is relatively easy. Choice of design involves the consideration of sample size (number of replicates), the selection of a suitable run order for the experimental trials, and the determination of whether or not blocking or other randomization restrictions are involved. 

Sample size

Sampling is very useful in many situations, including business, political polling and other areas where our needs to obtain information about some population. Conclusions about the process are reached based on information in our data, which is assumed to constitute a random sample from the entire population. The ideas of a population and of a random sample drawn from the population are thus essential to all of inferential statistics. In statistical inference we are concerned with populations; the samples are of no interest to us in their own right. We wish to use our known random sample in the extraction of information about the unknown population from which it is drawn. The information we extract is in the form of summary statistics: a sample mean, a sample standard deviation, or other measures computed from the sample. 

We have stressed the importance of the fact that our sample should always be drawn randomly from the entire population about which we wish to draw an inference. But how do we draw a random sample? 

To obtain a random sample from the entire population, we need a list of all the elements in the population of interest. Such a list is called a frame. The frame allows us to draw elements from the population by randomly generating the numbers of the elements to be included in the sample. Suppose we need a simple random sample of 100 people from a population of 7,000. We make a list of all 7,000 people and assign each person an identification number. This gives us a list of 7,000 numbers – our frame for the experiment. Then we generate by computer or by other means a set of 100 random numbers in the range of values from 1 to 7,000. This procedure gives every set of 100 people in the population an equal chance of being included in the sample. Unfortunately, in many situations, and in our situation for sure, it is not possible to obtain a frame of the elements in the population. In such situations we may still randomize the location and the time and date of the collection of our observations, as well as other factors involved. For example, we may randomly choose the dates and times of our trial runs and so on. 

One of the most common questions a statistician is asked before any actual sampling takes place is, “How large should my sample be?” From a statistical point of view, the best answer to this question is: “Get as large a sample as you can afford. If possible, ‘sample’ the entire population.” This is, however, unrealistic in most situations due to economic constraints, time constraints, and other limitations. “Get as large a sample as you can afford” is the best answer if we ignore all costs, because the larger the sample, the smaller the standard error of our statistic. The smaller the standard error, the less uncertainty with which we have to contend.

When the sampling budget is limited, the question is often how to find the minimum sample size that will satisfy some precision requirements. In such cases, we should first obtain the answers to the following three questions:

· How close do we want our sample estimate to be to the unknown parameter? The answer to this question is denoted by B (for “bound”).

· What do we want the confidence level to be so that the distance between the estimate and the parameter is less than or equal to B?

· The last and often misunderstood question that must be answered is, what is your estimate of the variance (or standard deviation) of the population in question?

Once we have obtained the above three required pieces of information, all that remains is to substitute the answers into the appropriate formula. For the case of estimating the population proportion (which is our case) we should use the following formula:

Minimum required sample size n in estimating the population proportion p, is
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The equation is derived from the formula for the corresponding confidence intervals for this population parameter based on the normal distribution. The term pq in this equation acts as the population variance. In order to use this equation, we need a guess for p, the unknown population proportion. When none of the prior estimates of the parameter are available (and this is our case, at least, so far), we may take a pilot sample, or --- in the absence of any information --- we use the value p = 0.5. This value maximizes pq and thus assures us a minimum required sample size that will work for any value of p. 

Small-world network model occurs when the percentage of the shortcut is very small (1%). For this reason it will be naturally to choose B equal to 0.01. The most popular requirement for the confidence in practice is 95%, and for the start it will be natural to consider the same confidence interval. Summarizing all our parameters we obtain that 

B = 0.01, 

p = q = 0.5,

z/2 = 1.96.

Using the equation above we get:
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 = 9604.

Therefore, the minimum required sample size is 9,604 people, which creates some problem. (Maybe we should consider different values for p and q. But using p = 0.25 and q = 0.75 produces the result of 7,203 people, which is not much better.) 

We also should remember that it is possible, and actually highly recommended to make several runs for the experiment. Because a small-world network is observed when the proportion of the short-cuts varies within the range of 1 and 40%, it is reasonable to select for the first run a bigger bound B. Substituting 0.1 instead of 0.01 in the formula above gives us that
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 96.04 people.

Obtaining this sample size is definitely more realistic than the previous one.

Step 5. Performing the experiment

When running the experiment, it is vital to monitor the process carefully to ensure that all is being done accordingly to plan. Errors in experimental procedure at this stage will usually destroy experimental validity. Unfortunately, I have very little knowledge of the standard procedures and ways of monitoring of the experiment in forensic science and therefore this part requires further discussion and development cooperating with specialists from the forensic laboratories.

3.3 Desired results
Step 6. Statistical analysis of the data
Statistical methods should be used to analyze the data so that results and conclusions are objective rather than judgmental in nature. Desired results from the performing of our experiment will be to collect and organize a database that can be used in the future by other specialists, and to perform statistical analysis of this database. I certainly hope that the calculated averaged population proportion will fall within the desired range after performing the first run of experiment, thus providing a valuable confirmation for the validity of application the small-world network model to fiber transfer.

We should also remember that statistical methods cannot prove that a factor (or factors) has a particular effect. They only provide guidelines as to the reliability and validity of results. Properly applied, statistical methods do not allow anything to be proved experimentally, but do allow us to measure the likely error in a conclusion or to attach a level of confidence to a statement. The primary advantage of statistical methods is that they add objectivity to the decision-making process. Statistical techniques coupled with good engineering or process knowledge and common sense will usually lead to sound conclusions.

 Implications and Recommendations

Step 7. Conclusions and recommendations.
Once the data have been analyzed, the experimenter must draw practical conclusions about the results and recommend a course of action. Follow-up runs and confirmation testing should also be performed to validate the conclusions from the experiment. Because our experiment has not been performed we are not able to draw conclusions based on confirmed results and give any specific practical recommendations. Throughout this entire process, it is important to keep in mind that experimentation is an important part of the learning process, where we tentatively formulate hypotheses about a system, perform experiments to investigate these hypotheses, and on the basis of the results formulate new hypotheses, and so on. This suggests that experimentation is iterative. It is usually a major mistake to design a single, large, comprehensive experiment at the start of a study. A successful experiment requires knowledge of the important factors, the ranges over which these factors should be varied, the appropriate number of levels to use, and the proper units of measurement for these variables. Generally, we do not perfectly know the answers to these questions, but we learn about them as we go along. As an experimental program progresses, we often drop some input variables, add others, change the region of exploration for some factors, or add new response variables. Consequently, we usually experiment sequentially, and as a general rule, no more than about 25 percent of the available resources should be invested in the first experiment. This will ensure that sufficient resources are available to perform confirmation runs and ultimately accomplish the final objective of the experiment.
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		Table 3.1		Guidelines for Designing

				an Experiment

		1.    Recognition of and statement of the problem

		2.    Choice of factors, levels, and ranges1

		3.    Selection of the response variable1

		4.    Choice of experimental design

		5.    Performing the experiment

		6.    Statistical analysis of the data

		7.    Conclusions and recommendations
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		Table 1.7.1.		Empirical examples of small-world networks

				Lactual		Lrandom		Cactual		Crandom

		Film actors		3.65		2.99		0.79		0.00027

		Power grid		18.7		12.4		0.080		0.005

		C. elegans		2.65		2.25		0.28		0.05
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