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The complexity and inherent dynamics of multilevel marketing (MLM)
is introduced

A greedy branching model is used to capture the observed tree-lik
structures in MLM

In particular, biologically inspired dendritic network gro is to
model MLM

Model accuracy is demonstrated using known stat@f previously
studied MLM

Paradigm reported captures MLM dynamics he than previously
reported models
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Abstract

Biologically inspired dendritic network growth, is utilized to model the evolv-
ing connections of a multilevel marketing(MLM) enterprise. Starting from
agents at random spatial locations, @network is formed by minimizing a dis-
tance cost function controlled by a parameter, termed the balancing factor
bf, that weighs the wiring and the "path length costs of connection. The
paradigm is compared to an=actual MLM membership data and is shown to
be successful in statistically capturing the membership distribution, better
than the previously reportediagent based preferential attachment or analytic
branching process models. Moreover, it recovers the known empirical statis-
tics of previously studied”MLM, specifically: () a membership distribution
characterized by the existence of peak levels indicating limited growth, and
(i7) an incomeydistribution obeying the 80-20 Pareto principle. Extensive
types of income distributions from uniform to Pareto to a “winner-take-all”
kind are-alse. modeled by varying bf. Finally, the robustness of our dendritic
growth paradigm to random agent removals is explored and its implications
t6 MLMeincome distributions are discussed.
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1. Introduction

Biologically inspired models continue to drive the development of wide
range of tools for understanding physical and social systems. Artificialmeural
networks and dendritic cell algorithms, to name a few, have been successtully
utilized to aid in the development of tools and/or understanding ofiwobotics
[1], finance [2], artificial immunology [3], public opinion [4], differential'equa-
tions [5, 6], and physics education [7]. Here, we demonstrate that dendritic
growth model in a confined substrate can be used to capture the empirical
features of multilevel marketing (MLM) schemes.

Multilevel marketing is a form of direct selling where) distribution and
selling of products is administered through a direct contact between a buyer
and an independent distributor [8]. In contrastawith,traditional media sources
like television, radio, or newspaper, MLM _anakes use of a more direct word
of mouth marketing to sell products and explaits the network connections of
its members through recruitment processess, In recent years, the number of
MLM companies is projected to continuously grow in the worldwide scene [9)].
In the Philippines alone, the World Federation of Direct Selling Association
(WFDSA) reported that the country: has more than 100 MLM companies
involving almost 4 million members as of 2014 with a combined direct selling
retail sales of 1.2 billion<US Dollars. Globally, WEDSA reported that the
total sales of MLM companies for 2014 is about 180 billion US dollars, more
than twice the sales of/video gaming industry (~$76 billion) and about a
dozen times of the'music/industry (~$15 billion).

The MLM.sehemenaturally entices its stakeholders because it promises
a personal finaneial stake for it consumers/inverstors, in terms of profit shar-
ing and/¢r ¢emmission-based income [10]. However, MLM companies are
closely“watehed by government agencies because of the similarity of their
operating mechanism to illegal pyramid schemes [8]. The risk of MLM com-
paniesto-degenerate into unethical and fraudulent pyramid schemes provides
a compelling reason on why we need to better understand the mechanisms
behind the growth of their networks. An accurate model of the connectiv-
ity of agents within the network is one of the most crucial step to advance
this understanding. Previously, observed features such as parity, member-
ship evolution, and Pareto distributed income are attributed to the fact that
the networks underlying the simulations have scale free connectivity patterns



and not random nor ordered [11].

In this article, we show that the morphological features of MLM networks
can be replicated by synthetic biologically inspired dendritic networks. We
take advantage of this structural similarity and show by example that the
characteristics manifested by MLM networks might not be due to the network
itself but is possibly driven by the underlying dynamics during the mmember
recruitment process. We also highlight the rich kind of networks and ineome
distributions that can emerge from a very simple dendritic growth paradigm,
driven by a single parameter called the balancing factor (bf)‘thatsaccounts
for the costs of recruitment. Finally, we report the sensitivity of owr dendritic
networks to random node removals and comprehensively probe the large span
of parameters that can define the networks’ propertiés.

2. Methods

2.1. Multilevel marketing business model

Earnings in an MLM enterprise are based omw the combination of product
sales and recruitment process. Eachr member sells a product and is allowed
to recruit as many new members as he/she can who will work under his/her
supervision. The members are‘motivated to expand their personal network
of recruits since successful recruiters are entitled to a commission from the
product sales of their direct and/or indirect recruits. This simple chain of
recruiter-recruit dynamics extends the membership and network of an MLM
enterprise.

Here, we present twoicoemmon types of MLM network configurations; the
unilevel [see Fig. 1(a)] and binary [see Fig. 1(b)] structures. Members in the
same row belong/to the same level m, with m = 1 assigned to the founder of
the MLM enterprise. Person B is referred to as the downline of person A if
he/she.is in‘a lével below A and belongs to the income portfolio of A. The-
oreti¢ally, each member has an opportunity to recruit unlimited number of
new. recruits but the architecture of the MLM enterprise imposes restrictions
to the maximum number of immediate downlines. For a unilevel MLM, a
member in level m can position all of his/her recruits as immediate downlines
inya single level m 4+ 1. On the other hand, for a binary MLM, a member is
only allowed to have two maximum immediate downlines. However, he/she
can strategically position his/her recruits as downlines of his/her downlines
or as downlines of downlines of his/her downlines, and so on. He/she does



Figure 1: Common MLM structures. (a) Unilevel and (b) binary structure where the
topmost member at level m = 1 is the founder of the enterprise. Members at a particular
level are connected to members at another level via solid"lines. For the binary structure,
dashed line represents a direct recruit of a member but is strategically repositioned un-
der his/her downlines to maintain lateral symmetry. Shown also are the representative
commission rates received by level m froni the iticome of level j under his/her portfolio.

this strategic repositioning to maintain lateral symmetry for the MLM net-
work and maximize his/herineome gain. Each member is motivated to sym-
metrize his/her downlinesdistribution since he/she is given a pairing income
whenever he/she completes apair of recruits as downlines for levels below
him /her.

A member’s €ompensation plan can then be separated into three types:
(1) commission, (i7) referral, and (7i7) pairing income (adopted from [11]).

Consider the number of members in a level m to be f(m). A commission
income, “Beommission (M), 18 awarded to a member proportional to the sales
made/by his/hér downlines below a certain depth of his portfolio j, and can
be,mathematically expressed as:

D
Pcommission<m) = Z T(])f(m + j)Csa1637 (1>

Jj=1

where D is the maximum depth a member in level m is entitled to percent-
age of sales of the members in that level, r(j) is the commission rate, and
Caales 18 the amount of sales made to those outside the MLM organization



(non-members). Throughout the paper, without loss of generality, we use a
standard company practice of having a maximum depth of D = 3 and com-
mission rates of r(1) = 13%, r(2) = 8%, and r(3) = 5%. This will let level
m earn a commission income from the sales of levels m+ 1, m+2, and m 43
with commission rates of 13%, 8%, and 5%, respectively.

A referral income Pieferra1(m) is the income earned by a memberspropor-
tional to the number of his/her downlines. This is the collective ingentive of
each level for recruiting new members. It is mathematically expressed. as

Preferral(m) = f(m)creferralv (2>

where £(m) is the number of recruits made by all mémberssin level m and
Cleferral 18 the referral bonus.

The pairing income Ppyiring (), only exists inLa binaxy structure, is awarded
to a member each time he/she is able to fill his/her'twe immediate downlines
with a pair of recruits. This pairing incomewill.drive and influence members
to preserve the symmetry of the binary_network. It is modeled as

D

1 .
Ppairing (m> = 5 Z f(m + j)Cpairing7 (3>

=1

where f(m + j) is the numberiof members in level m + j and Chpairing is the
pairing bonus.

For simplificationdgurposes; the product price, referral bonus, and pairing
bonus are set at Caies = I, Creferral = 0.1, and Claiving = 0.1, respectively.
Note that we deliberately carried out the relation Cgues > Cleferral to n0t let
the recruitment process be the dominant contributor to a member’s income
following rtiles of a legitimate MLM company. Finally, the total income per
level Pytai(mm) is just the sum of Eqgs (1) and (2) for the unilevel structure;
while/1t is the’sum of Eqgs (1) to (3) for the binary structure. This in turn
provides an average income of Pia(m)/f(m) for each member of level m.

It is important to note that the set of income quantities we chose to
model/is limited and is only a subset of the different income types commonly
utilized by real-world MLM companies. The three types shown in Eqs (1)
to (3) are specifically chosen to gain an insight on how the network structure
can directly impact the income earned by an individual. In addition, we
have to clear that our basic assumption in this model is that the agents are
homogenous and perfect - have the ability to sell the same volume of sales.



Thus, we disregarded the commission earned by own personal sales as this
will only result to a constant additive term to every member’s total income
and will not significantly change the entire income dynamics. Finally, we
emphasize that the resulting total income Pcome Only represents the total
positive flow of income and disregards cost factors associated with MLM
participation (e.g., payments, joining fees, trainings [12]) .

2.2. Dendritic network generation, comparison, and conversion,

This article aims to use a biophysical perspective to model the evolving
connections underlying the recruiter-recruit network of an”MLM, enterprise.
We do this by utilizing a dendritic network adopted from/[13], that follows a
branching process governed by a greedy algorithm. We generate the network
by initializing N nodes at random locations inside a cirgular substrate of
radius 5 units including a root node at the center. At the next simulation
step, nodes surrounding the root node within a'threshold distance of 0.5 units
are connected to it and the result is consideredstorbe the initial network. For
succeeding steps, an unconnected node_is chosen one at a time. It is then
connected to a node, already belonging to themetwork, nearest to it satisfying
the same threshold distance while minimizing a cost function W. The cost
function is composed of two distance\fagtors: (i) a wiring cost d represented
by the Euclidean distance of the tmconnected node to a node already in the
network, and (ii) a path length cost pl described by the length of the path
along the network from the root node to the unconnected node. These two
cost factors are weighed by abalancing factor bf as shown by the equation

U=d+bfpl, (4)
where bf € [0,1]) A bf close to 0 will produce a network with nodes having
a strong preference to smaller d. On the other hand, a high bf close to 1
will hayve modes favoring a smaller pl. We speculate the relevance of these
parameters to’an MLM context in the succeeding discussions.

Figure 2 illustrates the different network structures that one can recover
using a circular substrate architecture, by just spanning bf values from 0
tonl.” The structures range from dendritic-like network, where each node
follows a branching process and that only nodes close to each other tend
to have a connection, to that of a star-like network where each node is di-
rectly connected to the root node. Furthermore, addition of nodes using the
same radius denses the substrate without changing the structural form of the
network produced.
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Figure 2: Example of networks created by randomly distributing nodes in a circular sub-
strate of radius 5 units. Plotted"as a function of the number of initial nodes/members
N = 100, 200, 300, and 4004(bottom to top) and balancing factor bf = 0.0, 0.25, 0.5,
0.75, and 1.0 (left to right). The formed networks range from having nearest neighbor
connections only, to a stellate sttucture where each node is directly connected to the root
node.

To verify“that the structure of the formed dendritic networks are com-
parable to a typical MLM network, we utilize their associated M x M
adjacency matrices A and compare their morphological features. Matrix
A isfa connectivity matrix with elements a;; = 1 if two nodes are con-
neeted,and a;; = 0 otherwise, for i,57 € {1,2,...,M}. We do the compar-
ison by first representing A in terms of its eigendecomposition A = T'AI'~!
where’ A = diag (A1, A2, ..., Ay) is the diagonal matrix of eigenvalues A
and I' = (y1,72,...,7m) is the matrix of eigenvectors ;. We then quan-
tify the morphological signature based on the adjacency spectrum o de-
fined as the set of ordered eigenvalues o = {A1, \a, ..., A\ys} with ordering
AL > A > 2> Ay



We show in Fig. 3 the spectrum of dendritic networks, formed using
bf = {0.0,0.5,0.8}, and an actual MLM network both having 2122 nodes.
We see that independent of the balancing factor bf used, the spectrum of
the dendritic network follows the trend (no perfect matching) of an actual
MLM validating the consistency of our claim that we can indeed compare
the two network types. Note that the data for the dendritic networks are
averages of 20 different realizations while we only have one dataset for the
actual MLM. We conjecture that as we increase the number of«datasets for
the MLM network, the curve will eventually follow a smooth trendsand our
stated claim may become more apparent.

—— Dendritic, bf=0.0

Dendritic, bf=0.5
—— Dendritic, bf=0.8
—— Actual MLM

Adjacency spectrum, ¢

1 1 1 1 1 1 1 1 1 1
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Eigenvalue index

Figure 3:»Speetrum of dendritic and actual MLM networks. The dendritic networks were
created using, bf = 0.0, 0.5, and 0.8.

From the results of Fig. 3, we speculate that in terms of an MLM frame-
work,/the wiring cost d can be thought as the vulnerability of potential
recruits to be recruited. Values of d closer to 1 mean that a new recruit
has a higher probability to be recruited by nodes within a shorter distance.
We stress that the distance can be the nodes’ actual geographical separation
and/or social affinity. The path length cost pl, on the other hand, can be
regarded as the diffusion of influence from top members of the network. Val-
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ues of pl closer to 1 mean that potential recruits want to be hierarchically
close to the top node as they want to mimic their success and maximize their
profit. Finally, the balancing factor bf can be thought of as the inherent
ability of a potential recruit to choose between which cost, either d or gl
will have a dominant influence in his/her decision to join the MLM networks:
For this case, our network only considers homogenous agents, thus having a
uniform bf. Another possible interpretation for bf is the ability ofithe MLM
company’s management (here represented as the root node) tescontrol the
growth of the network. The management can choose lower bfiwvalues if they
want the network to diffuse locally, or higher bf values if #hey want to have
direct control over majority of the potential recruits.

In terms of the network topology, we can imagine the dendritic network to
be of unilevel structure without the need for post-proeessing since a node can-
not be simultaneously connected to two nodes €xisting in the network prior
to its connection time. On the other hand, a binary structure is just a re-
orientation of the formed unilevel structurée wherein a member does strategic
repositioning to maintain lateral symmetzy for'the MLM network. Examples
of the conversion of a created dendritic network using bf = 0.0, 0.35, 0.75,
and 1.0 to a unilevel and binary MLM, structure are shown in Fig. 4.

3. Results and Discussion

3.1. MLM limited growth distribution features

The profitabilityof art MLM enterprise for a new recruit can be gauged
by looking at the siumber of individuals that can be a potential recruit once
he/she joins at.levelym, since most of the income earned in our model is
proportionalto the members below his/her portfolio. Figure 5 shows ex-
ample average member distributions, as a function of level m, of a unilevel
MLM network for different network sizes N. In general, for any value of N,
membership increases almost linearly until a peak level, after which growth
startsito decline nonlinearly until f(m) approaches 0. Interestingly, the peak
level shifts to a higher value as network size IV increases. This is due to the
faet.that more members can be accommodated at lower levels because the
substrate becomes dense and there is a higher probability for nodes to be
located closer to the root node (at level m = 1 and spatially at the center of
the substrate). The same trend is observed for a binary network structure
(see Fig. 6).

10
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Figure 4: Conversion‘ef dendritic networks to unilevel and binary MLM structures. Rows
starting from the top show the dendritic networks formed using bf = 0.0, 0.35, 0.75,
and 1.0, respectively, and/their corresponding representations/conversions as unilevel and
binary MLM¢structures.

To establish the accuracy of our results, we transform the formed dendritic
networks to a binary structured MLM (as discussed in Sec. 2.2) and compare
it with an actual data from a real-world binary structured MLM company
(Legacy Philippines) having N = 2122 members. As a proof of the model’s
reliability, we also compare it with the preferential attachment and branching
process models developed by [11]. In the preferential attachment model, each
member who joined at a time ¢; can recruit a new member at a later time
t with probability exp[—/(t — t;)], where (3 is a free parameter serving as a

11
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Figure 5: Average distribution of members among levels. The network sizes used are
N = 100, 200, 300, and 400; while the balancing factor is fixed at bf = 0.05. For each
network size N, there exists a peak level where the number of members start to decrease
thereafter.

decay constant. On the otherthand, the analytic branching process model
established that the number of members at level m, f(m), approximately
follows the dynamical equation

dfn) _ A 2f(m—1) - f(m) )
dN N N +1 '

where A/IV is the fraction of members responsible for a new recruit situated
at level miy/In this study, we adopt the parameters 5 = 0.0085 and A\/N =
0.0068 which){11] have shown to be the values that can best demonstrate the
reerititment mechanism of real-world MLMs.

Figure 6 visually demonstrates that our dendritic growth model accu-
rately’ captures the membership distribution of a real-world MLM and is
better than existing MLM models especially in the attainment of the peak
level. The peak level is very important because it suggests that after such
level, the company will no longer flourish and will start its decline. Since
income earned by members partially rely on percentage of sales of members
below their level within a maximum depth, scarcity of members in levels after

12



the peak level means less income for members in those levels.
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Figure 6: Network cross-section of a binary MLM structure. Filled circles represent mean
data of 30 different realizations from simulation of a dendritic network with bf value
of 0.723. Simulation results from=agent-based modeling with preferential attachment rule
using § = 0.0085 (unfilled triafigles) and analytic fit derived from branching process theory
using A\/N = 0.0068 (solid“line), are shown for comparison. An empirical data (filled
squares) from a real-world MEM, (Legacy Philippines) is also plotted.

Using existing data from a real MLM company, we statistically compare
our model usinig Linfoot’s criteria that measures the closeness of the empirical
values {®,} with the model results {®,,04e:} = {f(m)} based on fidelity F,
structural,content C, and correlation quality @) [14] given by

((Pon — Prnodet)”)

S Y R )
o - T g

where (-) is an average carried over the entire network level m. Statistically,
F measures the general similarity and is the normalized mean square error

13



subtracted from 1, C' provides an estimate of the relative sharpness of the
peaks, and ) compares the alignment of peaks and troughs of {®,,,4} and
{®s,}. The model is identical to empirical data when exactly F'=C = Q =
1. Note also that the relationship of the three quality measures is given by
F = 2@ — C. Table 1 indicates that our fitted dendritic model is better
aligned to the peaks and captures more precisely the spread of the actual
data as compared to the branching process or agent based modelaesults.

Table 1: Quantitative comparison of different models. Comparison of the dendritic network
model (bf = 0.723) with agent based preferential attachment model (8 =;0.0085) and
analytic branching process approzimation (A/N = 0.0085) using,Linfoot’s criteria.

F C Q
Dendritic model 096 1.00, 0.98
Preferential attachment model 0.95 %094 0.94
Analytic branching process approximation | 0:88 /1.42 1.15

3.2. MLM income distribution

The income of each member of'a level is just the total income of the
level divided equally among all members of the level assuming that each
member sells the same volume of\préducts. We plot in Fig. 7(a) the income
distribution for bf = 0.0. The result shows a non-monotonically decreasing
distribution where earnings of members belonging to the lowest levels become
minimal as compared. to.theiones on top. This result corroborates with the
shape of the membership distribution of the MLM network. We have shown
that the number/of members starts to decrease after reaching a peak level.
This means that. members belonging to levels after the peak level will have
potentially fewer downlines. Since a member’s earning is proportional to the
number of members in his/her downlines, fewer downlines translate to lower
income gain.

We also represent the income distribution among members by dividing
the membership into five separate groups. Group membership will depend
on the/ member index order such that the first group will comprise the first
20% of the membership with count starting from the first level; while the
2nd, 3rd, 4th, and 5th groups will comprise the second, third, fourth, and
last 20% of the membership, respectively. The income of each member of the
group is added and normalized with respect to the total income of the entire
network to determine the normalized cumulative total income of each group.

14



By doing such a partition, equitability patterns are clearer. As an example,
we show in Fig. 7(b) the partition scheme implemented for a network formed
using bf = 0.0 that results to an almost uniform income distribution between
groups.
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Figure 7: Income distribution among members for 5f=20:0x.In (a), income of each member
is indicated according to their level position in the network such that the member at m =1
will be indexed 1 and so on. In (b), membershipUis,divided into five groups such that the
first group has the first 20% of the memhérs ranked’according to the member index and
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Figure 8: Earnings of the five clustered sub-groups. Each plotted with respect to the
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The choice of clustering our members into five ranks allows direct verifica-
tion of the 80-20 Pareto principle, a standard qualitative measure for income
distribution equality [15]. The network follows the Pareto principle if 80%
of the total income of the entire network is earned by 20% of the netwerk
members. We show in Fig. 8 that increasing bf from 0.0 to 1.0 will change
the landscape of income distribution in the network from nearly uniform to
Pareto principle governed (bf = 0.999) to “winner-take-all” type {bf =.1.0).
As the network evolves towards a perfectly stellar structure (allnodes con-
nected to the root node), the income earned by the 1st 20% 0f thesmembers
of the network tends to increase until all the income is gained omnly by the
root node. This is consistent with studies showing a great disparity in profit
earnings between level groups of real MLM companie$, [16jsand resembles the
fraudulent earning potential in pyramid schemes [17].

3.3. Effect of random node removals

We also characterize our system by finding the size of the giant component
S, the largest number of nodes still conmected,yin the network upon random
node removals [18, 19]. Figure 9 shows\that the dendritic network can be
made more robust to random node deletion by increasing bf. Node removal
to an MLM network effectively models an agent’s tendency to stop recruiting
and/or quit from the enterprise, as‘ebserved in real sales companies [20]. We
apply two rules to govern/these dynamics: (i) the root node at level m = 1
cannot be removed; and (i), removal of a node will nullify the contribution
of the downlines to the total’income. Note that the second rule is a simple
approximation and may,mwot perfectly adhere to all practices adopted by
MLM companies. Fig. 10 shows that earnings stabilize to a fixed value after
a certain fraction of nodes (in the representative figure, a ~ 0.4) have been
removed.

Congistent with what has been observed in Fig. 8, Fig. 11 shows that
the top 20% members of the network will have a bigger income share as bf
inéreases. Anterestingly, there exists a particular bf value (~ 0.14) that the
Pareto, principle is obeyed and this is observed over an extended portion in
reference to the fraction of nodes removed (0.5 < a < 1.0). This result
shows that robust Pareto-governed income distribution exists that is deemed
to be too unfair because the first 20% members will surely hold 80% of the
network’s total income even if members start to leave.

16
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Figure 9: Size of giant component S as a function of\fraction of nodes removed «. Data
points are averages of 30 different realizations.| Arrow points to increasing bf.
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Figure 10: Earnings of the five sub-groups based on fraction of nodes removed. Income
earned by each group is plotted with respect to the fraction of nodes removed in the
network. Data points are averages of 30 different realizations.

17



total income

Normalized cumulative

0.21

0.1r

O I I I I I I I I I I
0 01 02 03 04 05 06 07 08 09 1

Fraction of nodes removed, o

Figure 11: Earnings of the first 20% members as members start to leave. The earnings
are plotted with respect to the fraction of nodesremoved for various bf values of 0.0, 0.03,
0.14, 0.20, 0.60 and 1.0. Data points are averages of ‘30 different realizations.

3.4. Gini coefficient calculation

The equitability of the nétwork can be qualitatively compared using the
80-20 Pareto principle as'shown in the previous subsections. However, the
principle cannot quantitatively compare the income equality for different
network structures”depending on bf. We use a measurement for income
equality based on the general Gini coefficient G [21] defined as

D it 2 1T — g

G =
2n2u

, (9)
wherg¢ xy is theé income of k, n is the number of participants to which income
equality is measured, and p is the mean income of all participants. The Gini
coefficient will have values between 0 and 1. A lower Gini coefficient indicates
aymore equal income distribution, with 0 deemed to be of perfect equality,
while higher Gini coefficients indicate more unequal income distribution, with
1 corresponding to perfect inequality.

Following that of the five group network partition, the Gini coefficient
is used to compare the income of each group. Note however that the upper
bound Gini coefficient of G = 1 will only happen for comparison of very large
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n. Since only five groups are compared (n = 5), the upper bound for perfect
inequality can be easily derived to change from 1 to 0.8.

We show in Fig. 12 that G increases as bf increases consistent with Fig. 8
and our previous discussions. This further demonstrates that our generic
parameter bf provides a wide range of equitability, from an almost perfectly:
equal network to a perfectly unequal network. Moreover, the sustained value
of G as more nodes are removed as shown in Fig. 13 is in agreement, with the
observed income dynamics in Figs 10 and 11.

0.8f .

Gini coefficient, G

© o o o o o

& £ 9 o A
[ ]

o
_‘k"o

01 02 03 04 05 06 07 08 09 1
Balancing factor, bf

o

o

Figure 12: Gini coefficient G"for different balancing factors bf. The Gini coefficient is
calculated for a wide range of bf values from 0.0 to 1.0 preserving all nodes in the network
(no node removal).

4. Conclusions

We have described a procedure that models a multilevel marketing scheme
based/on a dendritic growth mechanism. Our network evolves by following
a, branching process governed by a parameter bf that balances the wiring
and path length costs. We have shown that such dendritic dynamics can
create network types with structures having similar morphological signature
and capture the essential features of an MLM such as: (i) the limited growth
distribution as exhibited by peak levels independent of network size and bf
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Figure 13: Gini coefficient G as random members start to leave. The Gini coefficient is
calculated for different bf values of 0.0, 0.03, 0.145.0.2, 0.6, and 1.0 with respect to the
fraction of the network’s nodes removed.

value; and (i7) a wide range of possible distribution of income from uniform
to Pareto-governed.

Using an empirical data set taken from an actual MLM company in the
Philippines, we have démonstrated that such procedure provides a better fit
more accurate than.the€xisting agent based preferential attachment and the
analytic branchingprocess models. We have also highlighted the rich type of
network behayior that-results from scanning the generic parameter bf, the
sole driver of ‘our network’s dynamics. We have shown that higher bf val-
ues tranglatexto total income diverted to top members (members with ranks
closer to. the root node) of the network. However, we have to note that we
have no firm’interpretation of what the bf parameter is in a real MLM com-
pany. Nemnetheless, we have speculations of its implication such as the ability
of poténtial recruits to choose which cost factor (d or pl) has a dominant
effeet on their decision to join the network; or the management’s ability to
control the growth of the network. If the latter is true, we have shown in
our analyses that the management can easily change bf to manipulate the
income distribution to their benefit. From another perspective, government
agencies can potentially regulate an MLM company by ensuring that the
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management adjusts the network’s bf appropriately, so that the company
maintains a fair income distribution among members. These are interesting
insights that need to be verified in future researches.

Finally, we have shown that our dendritic network is robust to randem
node removals such that the signature income distributions of the différent
network types are sustained even with substantial stochastic agent remowvals.
Other mechanisms for node removals such as targeted attacks can be explored
in the future. Our work provides a groundwork in which the profitability and
the equality of earnings among members of an MLM scheme can be-evaluated
using a biological paradigm.
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