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Abstract

The scope of the research presented in this thesis is fairly broad, touching
upon areas like social network analysis, information and behavioral conta-
gion models, and social data science. As the world becomes increasingly
digitalized, it becomes crucial to better understand interactions in the
digital sphere.

The proliferation of online communication allows interaction between
people with more diverse backgrounds more varied areas of knowledge
than before. However while increased digitalization carries the potential
for an explosion of diversity in communication, that is far from the only
conceivable consequence. The same diversity offers anyone online a
multitude of different communities and sources of information. This
carries the risk of individuals choosing disproportionately often to connect
to individuals that are similar to themselves, and to consume exclusively
information which supports their preexisting convictions.

Fortunately fields such as network science, computational social sci-
ence, and machine learning are developing rapidly, and an increasing
amount of interest is being taking in understanding online interactions.
The common theme for the research on which this thesis builds, is a preoc-
cupancy with the aforementioned aspects of online behavior. The reseach
includes work on quantitative modeling of information flows in social
systems, attention dynamics/economics models, techniques for analysis
of polarized discourse/echo chambers, and the influence of language on
collective behavior.
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Resumé (Danish Summary)

Vi færdes i stigende grad i en digital verden. Den digitale verden gør det
principielt nemmere at kommunikere med folk fra andre baggrunde end
en selv, og kan facilitere øget videns- og erfaringsudveksling uafhængigt
af f.eks. geografiske afstande. Desværre kan øget digitalisering også have
den modsatte effekt. Jo større udbuddet af informationskilder er, og jo
større et galleri af online fællesskaber og individer man kan vælge at
interagere med, desto lettere bliver det at skræddersy de indtryk, man
støder på i den digitale verden, til at harmonere med ens eksisterende
overbevisninger.

Felter som netværksteori, maskinlæring/kunstig intelligens og social
datavidenskab er dog i rivende udvikling, og beskæftiger sig i stigende
grad med disse emner. Et gennemgående tema for den forskning, som
denne afhandling bygger på, er, at den har forskellige afspekter af det
før omtalte digitaliserings problem som sit genstandsfelt. Forskningen
inkluderer matematisk modelering af informationsspredning i sociale
netværk, modeller for opmærksomhedsøkonomi, udvikling af værktøjer
til kvantitativ analyse af fænomener som ekkokamre og online diskussion
af kontroversielle/polariserende emner såvel som analyser af indflydelse
af værdiladet sprogbrug på kollektiv opførsel.
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Introduction & overview
The thesis is partitioned into several parts. Part I aims to outline the
technical and scientific background on which the work presented here
builds. For example, ultra-brief reviews of network science, contagion
models, relevant aspects of machine learning etc will be covered here.
Part II then presents an overview of selected aspects of the scientific work
I’ve undertaken during my PhD studies. It is my hope that this will allow
me to present in the latter part a more concise and coherent narrative
without going into too much technical detail, whereas the former might
serve to make the uninitiated reader acquainted with the relevant technical
and scientific background. I will endeavour, then, to write the latter part
in a fashion which allows a relatively diverse audience to follow the
qualitative and conceptual aspects of the works.

This thesis is based around the research I have conducted during my
studies. This has resulted in three published papers [1–3] , another that is
available as a preprint [4], and two that are not yet submitted. These are
attached in full at the end of the thesis. An overview of these works is
provided in the following:

Papers

I. Mønsted, B., Sapieżyński, P., Ferrara, E. & Lehmann, S. Evidence of
complex contagion of information in social media: An experiment using
Twitter bots. PLOS ONE 12, e0184148 (2017)

II. Mønsted, B., Mollgaard, A. & Mathiesen, J. Phone-based metric as a
predictor for basic personality traits. Journal of Research in Personality
74, 16–22 (2018).

III. Lorenz-Spreen, P., Mønsted, B. M., Hövel, P. & Lehmann, S. Accel-
erating dynamics of collective attention. Nature Communications 10,
1759 (2019).

IV. Mønsted, B. & Lehmann, S. Algorithmic Detection and Analysis of
Vaccine-Denialist Sentiment Clusters in Social Networks. Arxiv preprint
(2019).

V. Buchter, K., Mønsted, B. M. & Lehmann, S. Effects of narrative priming
on MTurkers, mixed laboratory participants, and economics students. Not
yet submitted (2019).
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1
Networks

A network is a somewhat abstract object, which nonetheless sees a fair
amount of use in everyday language. For example, people will speak
of their ’professional network’, meaning the set of people to whom the
speaker has some relationship pertaining to their profession or place of
work. This vague notion of networks as ’things and relations between
them’ may serve as a starting point for this chapter. An example of a
network is shown in figure 1.1.

In the terminology of network science, the things and relations are

Figure 1.1: Example of a representation of a network (graph). The dots represent
nodes (vertices), and the lines represent links (edges) connecting them.

1



2 CHAPTER 1. NETWORKS

called nodes and links, respectively. Networks are typically depicted with
dots representing nodes, and straight lines representing the edges, as
shown in figure 1.1. When appropriate, those may be altered to reflect
various qualities of the objects and relations represented by the network.
For instance, in the ‘professional network’ example from before, one might
draw nodes with different colors depending on their fields of expertise, or
edges with varying thicknesses corresponding to how much time the two
coworkers represented by the nodes spend working together.

Writers from a mathematical background tend to use graph, vertices,
and edges in place of network, nodes, and links, as is the convention in graph
theory, from which network science arose, historically. Only adding to
the confusion, there is a tendency to mix up the two terminologies - for
example the popular NetworkX library for Python [5] uses ’node’ from the
former terminology, yet ’graph’ and ’edge’ from the latter. As the typical
notation varies with context, I will attempt to change notation continually
to match the convention of the subject matter at hand.

The riddle of the 100 prisoners

I wish to provide an example of a situation in which viewing a problem
in more abstract terms as represented with graph theory might facilitate
solutions one might have difficulty spotting otherwise. The riddle of the
100 prisoners [6] provides an excellent example of this.

The riddle goes like this: The prisoners, numbered 1, 2, ..., 100, are
awaiting their death sentence when they are offered clemency on the
condition they complete the following task. The prisoners will be led
one by one into a room which contains a large chest of drawers. There
are a total of 100 drawers, each of which contains a random unique
number between 1 and 100. The prisoner is allowed to look inside 50 of
the drawers for their number. In order for the prisoners to be granted
clemency, each and every prisoner must succeed in finding their number,
leaving the room exactly as they found it, and without communicating
with the remaining prisoners after finding their number. After hearing
these rules, the prisoners are allowed to discuss and agree upon a strategy
before they commence.

Without a plan, the prisoners are clearly doomed. If they search the
drawers independently of one another, the probability of survival is

p =
1

2100 ≈ 10−30. (1.1)
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To make a comparison for the reader unfamiliar with large numbers,
the age of the universe is on the order of 1017 seconds. Our prisoners
could have attempted the random strategy a trillion times every second
throughout the lifetime of the universe, and have a probability of about
2% of succeeding just once.

It turns out the prisoners can drastically improve their odds by fol-
lowing a clever strategy. This strategy consists of opening the drawer
labeled with the prisoner’s own number, then proceeding to the drawer
with the number found there, until a) the prisoner finds their own number
and succeeds their part of the task, or b) opens the 50th drawer without
finding the correct number, and hence dooms everybody.

One may visualize this strategy more abstractly as a directed graph
in which nodes correspond to the numbers on the drawers. Drawer u is
connected to drawer v only if number v is found in drawer u. Following this
strategy, prisoners will move along simple cycles on the graph representing
the problem, as shown in figure 1.2.

a b

Figure 1.2: Illustrations of two instantiations of the 100 prisoners riddle. In case a,
there is no cycle with length greater than 50, so the prisoners will survive if they
were to follow the clever approach. In case b, there is a cycle with length greater
than 50, meaning that no prisoners on the cycle will find the correct number.

This establishes a high degree of correlation between the successes
of the individual prisoners. In other words, imagine prisoner number
42 manages finally finds their number in drawer 80, which is the 50th
drawer they open. The prisoner has then completed some cycle like
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42→ 33→ 25→ · · · → 80 with 50 steps. Their success then guarantees
the additional success of prisoners 33, 25, · · · , 80, as those will travel along
the same cycle, only starting at different nodes. Therefore, the survival
probability is equal to the probability that the longest such cyclical path in
the graph has length that is no greater than 50, resulting in a probability
of about 31%. This approach has been proven to be the optimal solution
to the riddle [7].

I find it fascinating that even in a situation as simple as that presented
in the riddle, it ’pays off’ so drastically to think about the problem in such
general terms and in an abstract representation (by which I mean edges in
the graph here do not represent anything tangible). This might provide
readers unfamiliar with network science with some broad notion of how
network science can be of use in a range of disciplines. Hopefully the
reader familiar with network science will appreciate the cute application
in the riddle. The following provides some additional examples of the
applicability of networks in a wide range of fields and in very different
subject matters.

Examples of applications

Because of their abstract and general nature, allowing networks to repre-
sent any (real or abstract) objects and any relation between them, networks
find applicability in a wide range of different fields. The earliest example
of an application of graph theory is Euler’s solution to the now famous
problem of the bridges of Königsberg [8], The problem was whether it was
possible to go for a walk in Königsberg, crossing each of its bridges exactly
once and ending up in the same place one started. Euler used a graph
theoretical approach to prove that this was not possible. Networks have
since seen use in an astonishing variety of scientific arenas, including:

• In biology, mapping out the network of neural interactions in C.
elegans [9], and gene regulatory networks [10]. Another example is
network stability analyses of food webs [11].

• In epidemiology, disease transmission is often modelled using net-
works in which edges represent the possibility of infection and nodes
represent humans [12] or livestock [13]. Transmission risks often
vary with infection status - for instance humans who suspect they
have caught the flu might opt to work from home to protect co-
workers, or warn people they live with to not stay too close to them.
Such cases have been modeled using networks with two categories
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of edges along which disease and information about infection status,
respectively, may spread [14]. In addition, methods from social
network analysis have been used to analyze transmission networks
of sexually infections [15].

• In computer science, a host of algorithms involve graphs, for example
the famous Dijkstra algorithm [16] for computing shortest paths. An
example involving a more abstract application is Tarjan’s algorithm
for solving the 2-satisfiability (2-SAT) problem [17]. The 2-SAT
problem is: Given a logical expression that is the conjunction of
a collection of clauses, each consisting of the disjunction of two
variables, either of which may be negated, does a combination of
truth values for the individual variables exist such that the complete
expression is true? For example, given (a ∨ ¬b) ∧ (a ∨ c), can we
assign truth values to a, b, and c such that the expression is true?
Since each clause corresponds to an implication (for instance a ∨ ¬b
is logically equivalent to b→ a) any expression can be represented
as a directed graph, where nodes represents variables and edges
represents implications. If a bi-directional path exists between any
variable and its negation, the expression cannot be satisfied because
that would require both truth and falsehood of at least one variable.

• In sociology, networks have been used to map social relations since
the 1930’s [18]. Other applications include political polarization in
online blogging [19] and social networks [20]. Granovetter famously
used a network theoretical framework to demonstrate the ’strength
of weak ties’ [21] - that the degree to which some aspects of people’s
lives, most famously employment, are affected by others is in some
cases inversely correlated with the strength of the ties between them.
Network-based approaches are also used to identify clusters in social
relations [22].

1.1 Properties of networks
There are many different kinds of networks. The aim of this section is to
present a a few of the most commonly encountered quantitative measures
of network properties for later use.

1.1.1 Degree distribution
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The degree of a node is simply the number of edges connecting to that node.
In the case of a directed graph, one then makes a distinction between
in-degree, and out-degree the number of incoming and outgoing edges to
and from a node, respectively.

The degree distribution, then, is (somewhat unsurprisingly) the distri-
bution of the degrees, i.e. the degree distribution specifies for any degree
k the probability pk of a node chosen uniformly at random having that
degree. For example, in the case of a 2-dimensional square lattice with
periodic boundaries, the degree distribution is given by pk = δk,4, i.e. the
probability is unity for k = 4, and zero otherwise.

When speaking about a concrete network, rather than a generalized
model for one, the degree distribution usually refers simply to the fre-
quency distribution of the degrees (which is also the maximum likelihood
estimation of the aforementioned probability distribution), i.e. if the
network contains N nodes, nk of which have degree k, the distribution is
given by fk = nk

N .
It is customary to visualize degree distributions on logarithmic or

double logarithmic axes, for two reasons. First, many network models
differ in the number of high-degree nodes, or hubs they predict. This
difference is hard to identify in a linear plot. Second, plotting on non-
linear axes offers a rough (and occasionally faulty, as will be discussed in
section 1.2.4) heuristic for recognizing certain families of networks by their
distributions forming a straight line, in particular power law distributions
forming a straight line on doubly logarithmic plots, as will be seen in
section 1.2.4.

1.1.2 Clustering

The clustering coefficient of a node can be thought of as a quantification of
the notion that a node’s neighbors tend to be connected to each other. The
clustering coefficient of a given node is therefore defined as the fraction of
all possible links between the node’s neighbors that is actualized [23]. If a
given node i has degree ki, the number of possible links is given by

ki−1∑
j=1

j =
ki(ki − 1)

2
. (1.2)

The clustering coefficient ci of the node is therefore

ci =
2Li

ki(ki − 1)
, (1.3)
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Figure 1.3: The network from figure 1.1 with node sizes indicating the clustering
coefficient for each node.

where Li is the number of links between neighbors of node i.
A global clustering coefficient C may be defined in a similar fashion, by

averaging the clustering coefficients of each node in the networks:

C = 〈ci〉 . (1.4)

Figure 1.3 shows the same example network as before in figure 1.1 and
illustrates the clustering coefficients with the node sizes, with larger nodes
corresponding to higher clustering coefficients.

1.1.3 Assortativity

According to the old idiom, ‘birds of a feather flock together’, that is,
people tend to form relations with those to whom they are similar in some
sense. The assortativity coefficient of a network quantifies this notion. The
asssortativity coefficient r with respect to some quantity q is defined as the
Pearson correlation between q and eu,v over all pairs of nodes u, v, with
eu,v taking values of 1 or 0 depending on whether the nodes are linked or
not [24]. Sometimes, the term ’assortativity coefficient’ is used without
explicating a specific quantity of interest, in which case it is typically taken
to mean degree assortativity of a network, i.e. how disproportionately
likely nodes are to be connected to nodes with a degree similar to their
own [25].

The phenomenon of similar nodes being more likely to be connected
is also often called homophily. Figure 1.4 shows two versions of the
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Figure 1.4: The example network from figure 1.1 both with node attributes
illustrated with different colors, and with two different levels of homophily. In b,
nodes are more likely to be connected to nodes of a similar color, as indicated by
the higher assortativity coefficient r when compared to a.

example network from figure 1.1 - one with no homophily, and hence
an assortativity coefficient of r ≈ 0, and one exhibiting homophily, hence
r > 0.

1.2 History and network types
This section aims to go over some of the networks that are commonly
encountered in the literature or has been of historical importance (fairly
often, both are true). As several network types were introduced either to
solve problems in existing models, or in response to new discoveries, I
will attempt to cover the network types in historical order, and connect
them to the overall developments in network science.

1.2.1 Historical roots

As previously mentioned, Euler’s solution to the problem of the bridges of
Königsberg [8] is widely regarded as the first ever example of graph theory.
While Euler proceeded to produce important results and conjectures –
such as his famous polyhedron formula – the modern terminology of
graph theory did not see usage until the late 19th century [26]. The first
book on graph theory in the modern sense was published in 1936 by Dénes
Kőnig [27].

Interestingly, informal applications of graphs in the social sciences
developed alongside this. A famous early example is Moreno’s 1934
depictions of friendships among schoolchildren (with two distinct clusters
corresponding to the boys and girls in the school) [18]. Of course, how far



1.2. HISTORY AND NETWORK TYPES 9

back one can trace the origins of social network analysis is an increasing
function of how informal a notion of a social graph one would accept
being still applicable. At one extreme, Émile Durkheim’s late 19th century
project of establishing sociology as a positivist science [28] might be viewed
as very early roots of social network analysis in the sense that he aims to
introduce the rigorous study of relations. At the other end of the scale,
the first systematic application of social network analysis appears to be
John Barnes in 1954 [29].

Interestingly, at the meta level, the area of (social) network analysis is
one that lends itself very well to application of its own methods. The field
of network science appears in a way to still bear the marks of these parallel
strands of development, as authors seem to be clustered quite clearly into
groups publishing in only social science, or physics and computer science,
journals, as shown in figure 1.5.

The following sections aim to provide an overview of the network
models which are most commonly encountered, along with their role in
the history of network science.

1.2.2 Erdős-Rényi random networks

The highly influential random graph model proposed by Paul Erdős and
Alfréd Rényi in 1959 [30], derives from a very simple core model: Given
a number of nodes n, and a connection probability p, a random graph is
constructed by realizing each of the n2

−n
2 possible edges with probability p.

As each edge is realized or not according to an independent Bernoulli
distribution, the degree distribution follows a binomial distribution:

pk =
n!

k!(n − k)!
pk(1 − p)n−k, (1.5)

with a mean degree of
〈k〉 = np. (1.6)

In cases where n grows large while np remains constant, the binomial
distribution is well approximated with a Poisson distribution, given by

pk =
λke−λ

k!
,

λ = 〈k〉 .
(1.7)

An example of a graph made with the Erdős-Rényi (ER) model, long
with its degree distribution, is shown in figure 1.6.
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Figure 1.5: Co-citation network of publications from 2011-2013, adapted from
http://www.raffaelevacca.com with the author’s permission.

human social networks tend to be ‘small-world’ networks [31], meaning
they exhibit:

• A high degree of clustering.

• Relatively short paths between any two individuals.

ER networks fall short on the first item, but do exhibit the second. One
result from the theory of random graphs is that as p increases, there is a
critical point at 〈k〉 = 1 where a giant connected component (GCC) starts to
emerge, and a ’connected regime’ in 〈k〉 > ln(n) in which the GCC makes
up the entire graph [23]. This is illustrated in figure 1.7.

http://www.raffaelevacca.com
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Figure 1.6: An instantiation of an ER network with n = 200 and p = .01 (right),
along with the degree distribution of the instance (left) and the theoretical Poisson
approximation of equation (1.7). The Poisson distribution has been smoothened
with a Gaussian kernel density estimation procedure with bandwidth 0.5.

Figure 1.7: Summary of a total of 2000 ER graphs with n = 200 nodes, and
connection probabilities varying from zero to one, resulting in increasing expected
mean degree 〈k〉. The size of the GCC as a fraction of the entire graph is shown in
red, and the average shortest path length 〈l〉 in blue. The critical point at 〈k〉 = 1 is
shown with a dashed gray line, and the connected regime where 〈k〉 > ln(n) ≈ 5.3
is shaded. Note that 〈l〉 is only defined when the graph is fully connected, and
so is shown almost exclusively in the connected regime (the graph has some
probability of being fully connected even for slightly lower values of 〈k〉).
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Duncan Watts and Steven Strogatz introduced in their 1998 paper [32]
a model which allows for a high degree of clustering while retaining the
’small-world’ property. This is the topic of the next section.

1.2.3 Watts-Strogatz small-world networks

The Watts-Strogatz (WS) model provides an equally simple method of
constructing networks.. The method takes as its starting point a regular
network of degree k, along with a rewiring probability, denoted p. Initially,
every node in the network has degree k. Each edge is then randomly
rewired with probability p. In the limit where p = 0 the network of course
remains regular. In the limit where p = 1, the ER graph from section 1.2.2
is obtained.

In between the two extremes are networks in which the small-world
property is maintained while the network exhibits a high degree of
clustering. This, along with an instantiation of a WS network, is shown in
figure 1.8.
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Figure 1.8: Right: A Watts-Strogatz small-world network with n = 200, k = 5,
and p = .1. Left: As the rewiring probability p increases, the average shortest
path length decreases rapidly. At the same time, the clustering coefficient of the
network is gradually destroyed. The dashed line shows the clustering coefficient
of the ER random graph shown in figure figure 1.6.

The WS model quickly gained popularity as it provided a good de-
scription of some aspects of a surprisingly varied range of real networks,
including a network of the western US power grid, a network of co-actors
in movies, and the neural interaction network of C.elegans. However,
it was later shown that the degree distribution of many real networks,
such as the network of web pages on the internet [33], did not agree with
the WS model, but instead followed a various power law distributions
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with very different properties. In particular, both the ER and WS models
generate models without hubs -, nodes with very high degrees. Hubs are
widespread in real networks, however, so more fat-tailed distributions are
required in order to accurately describe real networks.

1.2.4 Barabási–Albert scale-free networks

Shortly after the influential paper by Watts and Strogatz, Albert-László
Barabási and Réka Albert discovered that the degree distributions of a
series of real networks did not in fact follow the binomial/Poissonian
distributions predicted by the ER and WS models, but rather a power
law [34] given by

pk ∝ k−γ. (1.8)

Such a degree distribution can be obtained by constructing a network
using a relatively simple procedure of starting with a few initial nodes
and then repeatedly adding new nodes until the desired network size has
been reached. Each added node is connected to a predefined number m of
existing nodes, with attachment probabilities that are proportional to the
degree of the node. This process is called preferential attachment, and was
first described decades earlier by Derek Price [35] in studies of citation
networks. Preferential attachment causes nodes with more connections
to be more likely to acquire more connections, leading to the emergence
of hubs. The exponent of the resulting power-law tends to γ = 3 as the
network grows large, with typical values observed in the 2 − 3 range.
For these values of γ, the standard deviation, commonly viewed as the
characteristic width or scale of a distribution, is not defined, hence the
description of the BA networks as ’scale free’.

An instantiation of a Barabási–Albert (BA) network with m = 6 is
shown in figure 1.9. The power-law of the degree distribution was fitted
using the powerlaw library for Python [36].

While power-law distributions are encountered in an array of real net-
works, there has also been a tendency to attribute power-law distributions
to networks simply by confirming visually that the degree distribution
resembles a straight line in a doubly logarithmic plot, without rigorous
statistical tests, which necessitates more careful analyses [37]. One impor-
tant example of a distribution which resembles a power-law distribution
but is subtly different, is the Weibull distribution, also known as a stretched
exponential [38], which defined through

pk ∝ kβ−1 e−λkβ . (1.9)



14 CHAPTER 1. NETWORKS

Figure 1.9: Right: An instantiation of a BA network with m = 6, n = 200. Left:
The degree distribution of the network, along with a fitted power-law.

For values of β between zero and one, this distribution falls off faster
than the power-law, i.e. the ’fat tail’ is less fat, and the distribution does
indeed have a scale. One mechanism that gives rise to this distribution is a
variation of the preferential attachment mechanism from equation (1.8), in
which attachment probability is not proportional to k, but rather to kβ [39].

1.2.5 Temporal networks

All the networks considered so far have been static network, i.e. networks
with no temporal dimension. Real networks, or course, tend to evolve in
time - they are temporal networks. An example could be the network of
interactions of Twitter users, which will change over time depending on
who interacts with whom within a given timeframe.

One way of approaching temporal networks is through the adjacency
matrix of a network. The Adjacency matrix A has elements defined by
Ai, = ei, j, which is simply a value of 1 if nodes i and j are connected and 0
otherwise (or the weight of the edge in the case of a weighted network).
While the adjacency matrix is frequently encountered in books and course
material on network science, I have not devoted any attention to it yet,
simply because it offers mainly a theoretical approach and is not very
commonly used in more data-driven approaches to networks. There are
exceptions of course [40], but personally, I believe I have not dealt with
a single adjacency matrix throughout my PhD, except when teaching
classes, and of course writing this section.

One way of thinking about temporal networks is by constructing a
series of adjacency matrices for discrete time slices, where and entry Ai, j(t)
is nonzero if nodes i and j are connected in time slice t. One may visualize



1.2. HISTORY AND NETWORK TYPES 15

this as a series, or ’temporal layers’ of networks corresponding to the
different time slices. Mathematically, the time-dependent adjacency matrix
may then be represented by a tensor, and many properties of stationary
networks may then be generalized to temporal networks using tensor
algebra [41].

Network temporality raise new challenges for problems such as com-
munity detection. One approach to community detection is the Infomap
algorithm [42], based on the idea that communities are characterized by
a disproportionately large number of connections inside the community,
compared to between the community and the remainder of the network in
which it is embedded. This is exploited by releasing a random walker on
the network and recording its path. Any such path from node to node can
be represented in a more compact way by partitioning nodes into groups,
reusing node labels within each group (allowing for shorter node labels),
and assigning labels to groups and incorporating in the description string
when the walker moved between groups. This reduces the problem of
community detection to the problem of finding an optimal description
length, allowing one to use pre-existing algorithm implementations for
that problem [43]. This approach lends itself well to community detection
in multiplex networks, by allowing the random walker to transfer between
the various layers [22].

One way of identifying recurrent gatherings in temporal networks
is to introduce between nodes in different time slices couplings whose
strength increases with the similarity of the neighborhood of the node
in the two slices [44]. Such similarity-based couplings have recently
been implemented into the aforementioned approach to community
detection [45].

1.2.6 Real networks & data

As much of my work has been devoted to the analysis of networks built
from real data, as opposed to synthetic networks, this section aims to
outline the datasets I’ve worked with, and the corresponding networks.

The Copenhagen Network Study
The Copenhagen Network Study (CNS) was a study which invited a large
number of students at the Technical University of Denmark to receive
a free smartphone which would then register and upload anonymized
data from various sensors, such as location (from wifi, GPS, or carrier
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triangulation data), data regarding phone calls/text messages sent and
received, periodic bluetooth pings of other devices, etc [46].

A few examples of networks built using these data are shown in
figure 1.10.

Figure 1.10: A few networks built with data from the Copenhagen Network Study.
From top to bottom, the three networks are the text message (SMS) network
in which subjects are connected if either of them messaged the other, phone
call network in which subjects are connected based on phone call data, and the
Facebook friendship network which represents friendships on facebook between
participants.

Twitter botnet data
Another dataset that I’ve worked on was produced by a team of students
following the course Social Graphs and Interactions at the Technical Univer-
sity of Denmark [47]. In the course, students were instructed to create a
Twitter bot each, and amass as large a number of followers as they could
during the beginning of the course, and to have their bots work together
to spread specific hashtags in the later part of the course. The bots would
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attempt to get people to follow them by following a number of users every
day, and after a latency period, unfollowing those who did not reciprocate
the gesture. Bots also worked together to amass followers – whenever
a user followed one bot, it would report their user id to the remainder
of the botnet, who would then try to get the user to follow them in the
aforementioned manner as well.

This procedure turned out to be very effective, as illustrated by fig-
ure 1.11, which shows the combined number of followers of the botnet
over time.

Figure 1.11: The total number of users following one or more bots over the
time period of the course. The time frame during which bots would attempt
interventions, that is, coordinated efforts to spread various hashtags, is shown in a
darker shade of gray. This figure was originally made for my paper on complex
contagion [48]. Figure 1A in the paper is a modified version of this figure.

Twitter Decahose data
Another source of data I’ve used comes from the Decahose source – a
random 10% sample of tweets posted on Twitter, collected by Alan
Mislove at Northeastern University [49]. The main part of the data were
obtained through the ’decahose’, a random 10% sample of every tweet
posted to Twitter, over the period 2013 - 2016. The dataset comprises
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about 60 billion tweets at the time of writing (58,914,217,694 as of April
20th, 2019).

A number of different networks can be constructed from Twitter data.
The obvious one is the follower-followee graph, in which the (u, v) edge
exists if user u follows user v. On Twitter, this graph is directed, in contrast
with e.g. Facebook, in which friendships are always symmetric. One
obstacle to using this graph is that following-status is not directly available
in the tweet data that is delivered through the various ’hoses’ through
which Twitter provides sample data. Given a collection of user IDs, it is
possible to construct part of the graph using a snowball sampling approach,
by recursively prompting the Twitter API for followers of the users of
interest, then the followers of those followers, and so on. However, this is
not feasible to do on a large scale.

In addition, follower status is not necessarily of any immediate interest.
For example, one might be interested in a network built from Twitter data
for the purposes of modeling information flows in human networks, but
the existence of a follower/followee relation by no means entails that any
information flows along the link. For example, one might follow a large
number of profiles with very little activity, for instance old acquaintances,
and simply never make any efforts to remove the link again, as the low
level of activity means the user isn’t very aware of the link.

The approach I ended up taking was to construct a graph based on
mutual interactions, by linking two users in the graph when both had
actively engaged in some interaction with the other by means of replying
to one or more of their tweets, or by retweeting some of their content. In
this process, I considered consecutive time windows of 3 months, starting
with September through November 2013, and ending with the same
months in 2016. Figure 1.12(b) shows the persistence of links through the
time windows my means of a Jaccard matrix, in which an element mi j is
defined as the Jaccard similarity index,

HSi,S j =
|Si ∩ S j |

|Si ∪ S j |
, (1.10)

where Sk is the set of edges at time window k. As one would expect,
figure 1.12(b) shows that the network at different time slices bears some
degree of self-similarity, which deteriorates over time.

From the time windowed network, an aggregate network can also
be created, in which any link that occurs in one or more time windows
is included. The aggregated network contains about 90 million nodes,
and about 430 million edges (89,577,277 nodes and 434,193,958 edges,
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exactly). The degree distribution of the aggregated network is shown in
figure 1.12(a). The Weibull distribution from equation (1.9) provides an
excellent fit to the empirical degree distribution. The data are truncated at
k = 500. For large values of k the data became more noise, but deviated
consistently upwards from the Weibull fit. My reasoning for truncating
is that, as the data source is a random 10% sample, there is about a 1%
probability of capturing any given reciprocal interaction (a figure which
of course rises as the number of interactions grows). Hence for individual
user profiles to have several hundred or even many thousand such links
hints at automated behavior.
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Figure 1.12: Summary of the Twitter Mutual Mention or Reply (MMR) graph.
a: The degree distribution of the aggregated network is shown along with a
stretched exponential. b: The Jaccard similarity matrix shows link persistence in
time slices of 3 months. The figure was initially created for my paper on vaccine
sentiment clusters in social systems [4].
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Contagion & epidemiological

models

This chapter aims to provide a brief overview of some predominant ap-
proaches in the study of spreading processes, in particular epidemiological
compartmental models and percolation theory. While my work has been
focused on social spreading, i.e. the spread of things like information,
behavior, etc., in human systems, more traditional theories for spreading
processes serve as an important starting point. I relate the subjects treated
here to social spreading, and provide an overview of my on work in that
area in chapter 4.

The earliest recorded use of the term ’epidemic’ is by Hippocrates
who used it to describe diseases that appeared to rapidly sweep through
populations, in contrast with endemic diseases, which appeared to be
always present to varying degrees [50]. One may view epidemiology as
springing from one of two possible starting points [51]. One is the early
modern era attempts at employing public health records and statistics
to improve overall population health and suppress disease, such as the
early demographic studies by John Graunt in the 1660’s [52]. Another is
the great mid 19th century strides toward reducing or eliminating disease
incidence through understanding the contagion mechanism, such as John
Snow’s famous study of the 1854 Cholera outbreaks in London [53], or
Semmelweis’ (initially ignored) study of ’corpse pollution’ as a cause for
childbed fever [54].

21
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2.1 Deterministic models
Mathematical epidemiology in its modern form is commonly viewed as
starting with the compartmental models of Kermack–McKendrick theory [55].
Compartmental models, such as the SIR (susceptible-infected-removed-
/recovered) model views the population in which infections are to be
modeled as partitioned into various subsets characterized by properties
the affect the spreading dynamics.

The overall dynamics are then governed by a set of transition coef-
ficients which signify how quickly individuals move between the com-
partments. As transition rates is often modeled as linear functions of the
populations present in some selected compartments, dynamics often take
the form of a system of differential equations.

2.1.1 The SIR and SIS models

For example, one equation might take the form Ṙ = γI, where the dot
denotes differentiation wrt. time. This states that the rate of change in
the number of individuals in category R – the amount of the population
that are removed due to either death, or recovery and hence immunity,
depending on the model – is proportional to the infected population I.
Often, the population is viewed as fixed, as the most infectious diseases
spread on a much shorter timescale than population dynamics.

Ṡ = −βIS,
İ =

(
βS − γ

)
I.

(2.1)

The interpretation of the coefficients β and γ, then, is: susceptible individ-
uals become sick with at a rate βI, so β denotes how infectious the diseases
is. While βIS individuals become sick in a given time step, some fraction
is also expected to stop being sick, either by becoming immune following
recovery, or by becoming dead, the rate of which is denoted by γ.

The SIR model has an exact solution [56], but I will only focus on
deriving a few simple results that are of conceptual interest in section 2.1.2,
and relating the deterministic models to networks.

Another deterministic model is the susceptible-infected-susceptible,
which is used in cases where a disease does not confer any lasting immunity,
so individuals may contract the disease several times (as is is the case
with the flu, or the common cold, for example). In addition, there is a
large number of other compartmental models that take various effects
into account, such as incubation periods, temporary immunity following
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birth, etc. I will not go into many of these, as my main emphasis is relating
traditional epidemiology to network science and information contagion.

One such model that I do wish to briefly treat, however, is an endemic
version of the SIR model that takes birth and death rates in a stable
population into account, as this introduces a stable solution to the model,
and allows for a straightforward comparison with numerical simulations
in a network science framework. Including population births and deaths
and assuming that the population is stable, i.e. that the birth rate is equal
to the death rate, the SIR model becomes [57]

Ṡ = µ − µS − βSI,
İ = βSI −

(
µ + γ

)
I

(2.2)

This introduces a steady-steady solution [58]:

S =
µ + γ

β
,

I =
µ (R0 − 1)

β
,

R0 =
β

µ + γ
.

(2.3)

R0 is the expected number of secondary infections caused by an infection
in an entirely susceptible population, and is introduced more fully in
equation (2.6).

2.1.2 Important quantities

This section contains a brief overview of a few concepts and quantities
that are important for subsequent chapters.

Reproduction number
Consider the SIR dynamics of equation (2.1) in the limit where I → 0.
This corresponds intuitively to a case where a very large population is
entirely susceptible to a disease, which a ’patient zero’ arrives carrying the
infection from outside the system. There are clearly extreme hypothetical
cases in which the newly started infection fizzles out (very large γ and
very small β), and were the infection spreads like wildfire (vice versa). It
is instructive to solve for the case in between, where there is no change in
the, infinitesimally small, infected population, that is, setting İ = 0, and
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S = 1. This gives:

İ = 0 =
(
β − γ

)
I, (2.4)

β

γ
= 1. (2.5)

This ratio, denoted, is known as the basic reproduction number,

R0 =
β

γ
, (2.6)

and determines whether an epidemic can occur [59]. More generally
than this specific case of vanishing I, the effective reproduction number R
determines whether the number of infected individuals will continue to
grow [60], which is the case when

R > 1. (2.7)

The transition rates, such as β and α considered above, depend on a
wide variety of factors, such as how contagious the disease is, behavioral
patterns in the population, etc. This means that R0 can take on very
different values at various times and places [61]. For example, values of
R0 for measles have been reported in the range from 12 to 40 [62].

Herd immunity threshold
Of course one of the main reasons why scientists are interested in modeling
infectious diseases is in order to prevent epidemics. Considering again
the SIR dynamics of equation (2.1), it is easy to see that no infection
can ever occur without susceptible individuals (in which case the only
non-negative coefficient of İ is βS = 0). Repeating the calculations from
before, but allowing some fraction q of the population to be immune,
rather than susceptible (implying a susceptible fraction S = 1 − q in an
uninfected population), the herd immunity threshold, denoted qc, is defined
is the fraction q necessary to prevent an initial infection from spreading:

İ = 0 =
(
β
(
1 − qc

)
− γ

)
I, (2.8)

1 − qc =
γ

β
, (2.9)

qc = 1 −
1

R0
. (2.10)

Going by the basic reproduction numbers from before, this gives herd
immunity thresholds for measles somewhere in the 91.5 − 98% range.
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Some effects that are neglected in these models become apparent near
the threshold. For example, vaccination rates will typically be somewhat
heterogeneous geographically, allowing for localized micro-epidemics
in pockets with relatively low vaccination rates [63]. Effects like such
heterogeneity can be exploited in ’pulsed-vaccination’ schemes [64], which
disrupt the natural oscillations of the infection rates and may assist in
eradicating diseases [58].

In more general terms, a problem with classical deterministic models
for contagion is that they do not take into account any structure governing
who may interact with, and hence infect, whom. As a conceptual example,
one may imagine a population embedded in a regular graph of degree
4, i.e. a 2-dimensional lattice with periodic boundary conditions. This
network looks like a chessboard, with an individual situated on each
square. Consider two situations in which half of the population is infected
– one where every individual located on a white square is infected, and
one where individuals on the lower half of the board are infected. Clearly
those are two very different situations, as e.g. in the former case every
individual has a chance of becoming infected in the subsequent round,
whereas in the latter cases, the disease needs some time to travel across
the board.

In the case of networks, these deterministic models may be viewed
as a special in which the population is embedded in a fully connected
regular graph (an (n − 1)-regular graph, where n is the number of nodes).

2.1.3 Lotka–Volterra dynamics

One model that very closely resembles the compartmental models outlines
in section 2.1.1 is the differential model for predator-prey interactions
proposed originally by Lotka [65] and Volterra [66].

The dynamics of the Lotka-Volterra model are governed by:

ẋ = µx − βxy,
ẏ = δxy − γy.

(2.11)

The main conceptual difference between equation (2.11) and the SIR model
in equation (2.2) is that the compartments of the SIR model represents
different subsets of a single population, whereas the Lotka-Volterra system
pertains to interactions between, rather than within populations. This is
reflected in the conserved ‘flow’ from the S to the I compartment in the SIR
model, βSI, whereas in the Lotka-Volterra dynamics, βxy , δxy. In other
words, when an individual is infected in the SIR framework, the individual
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is moved from the ‘susceptible’ and into the ‘infected’ compartment, but
when a rabbit is eaten, a fox is not magically conjured up.

The dynamics of equation (2.11) can be generalized to describe an
arbitrary number of species whose populations interact linearly with each
other [67]:

ẋi = xi

bi +
∑

j

ai, jx j

 . (2.12)

Here, xi is the population of species i at a given time, bi is the growth rate
of that species, and ai, j is the coefficient with which the size of population
j affects population i.

Of course, the Lotka-Volterra model does not fully belong in a chapter
on epidemiology. However, I chose to include it here because it is
relevant to later parts of the thesis, in particular in connection to the
work on attention dynamics [3] summarized in section 4.3, and due to
the aforementioned close similarities to the compartmental models in
epidemiology, the present section seemed more appropriate than any
alternatives. Indeed, textbooks exist covering the subjects of epidemiology
and mathematical population biology in unison due to these similarities
[57].

One weakness of compartmental models and Lotka-Volterra dynamics
alike, is that both treat all individuals as being able to interact with all
other individuals at any given time. In other words, the models pretend
that the networks in which the modeled individuals are embedded are
fully connected. One framework for modeling spreading processes in
networks that are not necessarily fully connected, is percolation theory,
which is the subject of the following section.

2.2 Percolation theory
Section 1.2.2 offered a brief outline of the Erdős-Rényi (ER) random graph
model. In this model, a graph with n nodes has n(n−1)

2 potential edges. Each
of those edges is realized with an independent probability p. At p = 0, the
graph is of course just a collection of unconnected nodes. If p is increased,
there is a critical point at pc = 1

n where a connected component forms, as
was showed in figure 1.7. As the number of nodes n in the network grows,
the emergence of a connected component becomes more abrupt, as shown
in figure 2.1.

The general study of the emergence of such clusters in random graphs
is called percolation theory [68], specifically bond percolation. Percolation is
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Figure 2.1: Percolation of ER graphs. This shows how the fraction of network
nodes that are connected to the largest connected component in the network
increases with the number of nodes n.

related to epidemiology because such random connections may be viewed
as analogous to infections – a transmission between nodes may occur if
they are connected, and an epidemic can occur when a giant connected
component emerges [69]. Note that the compartmental models from
section 2.1 in this framework correspond to a network that is infinite in
size (due to the interactions being continuous) and fully connected. For
this reason, the SIR and SIS models from section 2.1.1 are referred to as
fully mixed models.

The following tackles a few instructive examples, following mainly [70].

2.2.1 The Bethe lattice

A Bethe lattice is a simple network constructed in such as way that every
node has the same degree z, and the network contains no loops. If one
imagines starting from a single node and following a ’branch’ away from
that node, the path then splits into z − 1 new paths (as the remaining 1
path leads back to the previous node).

This fact may be used to derive an interesting property of the Bethe
lattice – that the surface of an infinite Bethe lattice is a finite ratio of its
volume (or more specifically, considering a cluster ’rippling’ outwards
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from a single node, the number of nodes at the edge of the ripple divided
bu the number of nodes within the wavefront of the ripple tends tends to
finite value as the cluster size tends to infinity). As described above, if
one denotes the number of nodes at the wavefront at iteration m by am,
then to start with a0 = 1, and a1 = z. As by design each branch from there
splits into z − 1 new branches,

am+1 = am(z − 1). (2.13)

From there, one can show by induction that

am = z(z − 1)m−1. (2.14)

The first iteration verifies the base case, a1 = z(z−1)0 = z, and the induction
step is equally straightforward:

am(z − 1) = z(z − 1)m−1(z − 1) = z(z − 1)m = am+1. (2.15)

After m such ripple iterations, then, the total number of nodes Am within
the ripple wavefront is then

Am = 1 +

m∑
m′=1

z(z − 1)m′−1 = 1 + z
m−1∑
m′=0

(z − 1)m′ . (2.16)

The sum is a standard geometric sum with ratio r = (z − 1), for which the
sum up to the nth term gives 1−rn

1−r , so

Am = 1 + z
1 − (z − 1)m

1 − (z − 1)
, (2.17)

=
z

2 − z
−

z(z − 1)m

2 − z
. (2.18)

Considering the ratio between equation (2.14) and equation (2.18), one
gets

Rm =
am

Am
=

z (z − 1)m−1

z
2−z −

z(z−1)m

2−z

, (2.19)

=
(2 − z) (z − 1)m−1

1 − (z − 1)m , (2.20)

=
2 − z

1
(z−1)m−1 − (z − 1)

, (2.21)

lim
m→∞

(Rm) =
2 − z
1 − z

. (2.22)
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Of course this result is only valid for z > 2, as I divided by z − 2 in
the calculations. This makes sense, because the Bethe lattice with z = 2
consists of a long line of nodes linked together – the surface is a mere 2
nodes no matter how large the total network is, so it makes intuitively
sense the claim of a constant ratio between surface and volume shouldn’t
hold true here.

The percolation problem itself is relatively simple on the Bethe lattice.
The lattices percolates when each node is expected to connect to more
than one other nodes. As the expected number of such connections is
n = p(z − 1), the critical probability at which percolation occurs is

pc =
1

z − 1
. (2.23)

Unlike, equation (2.22), this result does hold when z = 2, in which case
pc = 1. This makes sense – if the random network consists of an infinitely
long string of connected nodes, percolation cannot occur if there’s any
non-zero probability of a given link being broken, as this would make
the probability of encountering a chain of connected links with any given
links decrease exponentially.

2.2.2 The square lattice

Percolation on a 2-dimensional square lattice provides a good setting for
viewing the connection to epidemics.

For the case of the 2-dimensional square lattice (SL), the percolation
threshold is [71]

pc =
1
2
. (2.24)

As an infinite square lattice percolates at p = .5, one would expect from
the aforementioned analogy with epidemics that a simulated contagion
process on a SL would result in a large fraction of infected individuals
around p = .5.

Figure 2.2 shows a comparison of simulated epidemics and bond
percolation for square lattices of varying sizes. The results visualize
quite clearly the relatedness of the problems, and how simulation results
approach the theoretical critical infection/bond percolation probability
when network size is increased to limit finite size effects. The locations
of the nodes that had, and hadn’t, been infected at the end state of the
simulations for a few selected transmission probabilities are shown in
figure 2.3.
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Figure 2.2: Results from simulated contagion and bond percolation on square
lattices of varying sizes. a-c show the average fractions of the network that had
been infected starting from a single node, as a function of the infection probability.
Averages were taken over 50 independent simulations. Each simulation was
allowed to run until no infected nodes were left (so all nodes were susceptible
or recovered). d-f show bond percolation results for the same networks as a
function of bond percolation probability. The theoretical pc = 0.5 is indicated
with a dashed line, and the 40 − 60 percentile region is indicated for each set of
simulations. The ranges of percolation/infection probabilities corresponding to
epidemic/cluster sizes between 25% and 75% of the entire system are highlighted
in a gray shade.

In part due to this connection to epidemiology, bond percolation has
received a lot of attention, and solutions have been derived for the WS
network described in section 1.2.3 [72], and for the BA network from
section 1.2.4 [73]. Analytical results have even been achieved for the
probability distribution over outbreak sizes in networks with arbitrary
degree distributions [12]. However, simulation-based approaches remain
popular [74, 75] as they allow researchers to incorporate effects such as
temporality, finite-size effects, and adaptive agent behavior into models
easily [76].
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p = . 4 p = . 45

p = . 5 p = . 55

Figure 2.3: End states after a series of simulations as described above, for
transmission probabilities between .4 and .55. Infected nodes (nodes whose end
state is R at the end of the simulation) are colored in red, and uninfected nodes
are colored in blue.
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3
Machine Learning

This chapter outlines some relevant elements of machine learning (ML).
The majority of the chapter was originally written as a report for a self-
study on deep neural networks and transfer learning during 2018. A
discussion of a few selected ML topics is relevant for two reasons. First,
pertaining to a general discussion of how strongly people’s personalities
are expressed in their digital footprint. Second, researchers are often
interested in the interplay between social networks and properties of
individuals embedded within them. For example, a researcher might be
interested in the assortativity of some trait in a given network, as discussed
in section 1.1.3.

In some cases, the property of interest may be readily accessible. Taking
the Twitter interaction network as an example, one might ask if users who
tweet a lot are more likely to be connected in the network. This would be
relatively easy to compute – simply count the number of tweets published
by each user in the time frame of interest, and compute the assortativity
coefficient.

Other cases present greater difficulties, however. For example one
might ask questions such as ’do people who are connected in a social
network tend to discuss the same political topics?’, or ’to which degree
do neighbors in a social network tend to have similar attitudes toward
X?’. This is one reason why machine learning, in particular deep neural
networks, have an important place in some areas of network science.

33
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3.1 Theory & background
Machine learning is a term that encompasses computer programs which
make predictions or decisions based on data, and where the program-
mer decides upon general rules for how the program should adapt or
‘learn’ from data, rather than explicit rules for how it should react when
encountering specific data.

Neural networks is only one category of machine learning schemes.
Others include Support Vector Machines (SVMs) [77], random forests [78],
naive Bayes methods [79], etc. In addition, many methods in machine
learning have a wide range of applications, such as content generation,
pattern recognition, classification, prediction, etc. The scope of this section
is limited, however, to studying the use of neural networks for prediction
tasks.

Prediction in machine learning contexts typically means either regres-
sion or classification. Regression problems consist of predicting one or
more real output or target values y from input data x, such as predicting a
person’s height based on input data such as weight, etc. A classification
problem consists of assigning a categorical variable (referred to as category
or class) based on input data, such as determining from an input image
if the image shows a cat or a dog. In many contexts of this section, the
distinction between the two will either be clear from the context or not
relevant, so I will often not distinguish clearly between them.

The following briefly describes some important terms from machine
learning theory and literature, which will be useful going forward.

3.1.1 Loss and objective functions

In even more general terms than above, machine learning aims to use
data to find good solutions to problems. The term ‘good’, however, is of
course meaningless unless quantified. In the machine learning literature,
a typical approach to quantifying how well a model performs on the given
data is to define a function which takes as its input the model parameters,
along with a collection of data, and outputs a real number related to the
’goodness’ of the model, given the data. A function which outputs a
metric of model goodness is called an objective function or utility function,
but following the convention in the field of optimization of aiming to
minimize, rather than maximize, functions, one typically defines instead a
loss or cost function, which is inversely related to model performance [80].

An example of a loss function would be the mean squared error (MSE),
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which, given N data points xi with true values ti and model predictions

f (xi; w) = yi

where w is the model parameters, is defined as

MSE(w) =
1
N

N∑
i=0

(
f (xi; w) − ti

)2 . (3.1)

In the case of classification tasks, the categorical cross-entropy (CCE) function
is often used as the loss function. In categorization tasks, a model will
typically not output any given real number(s), but rather a probability
distribution p(k|xi; w) over categories, or labels k. I denote the true proba-
bility distribution of the ith data point having label k as qi(k). Often, the
true labels ki in the dataset will be known with certainty, in which case
the distribution becomes qi(k) = δk,ki but I’m keeping the notation general
because this will make the justification for the CCE function clearer in a
second.

Given the above, the CCE is defined as

CCE(w) = 〈H(q, p; w)〉 = −
1
N

N∑
i=0

∑
k

qi(k) log(p(k|xi; w)). (3.2)

The reason I kept the general expression for q above is that it makes it
clearer that, for a given set of parameters, the CCE is the average of

H(q, p) = H(q) + DKL(q||p), (3.3)

where
H(q) = −

∑
k

q(k) log(q(k)) (3.4)

is the entropy of the true distribution, and

DKL(q||p) = −
∑

k

q(k) log
(

p(k)
q(k)

)
(3.5)

is the Kullback-Leibler divergence of p from q, which, informally, measures
the degree of ’surprise’ one should experience from the true distribution q
given that one’s expectations are based instead on p. The true distribution,
of course, doesn’t care about which parameters you plug into your model,
∇wH(q) = 0, and so minimizing (3.3) wrt. model parameters is equivalent
to minimizing (3.5), and therefore optimizing model parameters for 3.2
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amounts informally to seeking a model such that reality surprises us as
little as possible.

I want to add two things to this before proceeding. First, it might
seem strange to define loss functions explicitly as functions of model
parameters w rather than the model’s predictions yi, which are already
implicitly contingent on the model. In addition to making it clearer that
the purpose of the loss functions is parameter optimization, highlighting
the dependence of the loss function on the model itself makes it seem less
weird that sometimes additional terms, which are unrelated to data, but
meant to make models with certain characteristics more preferable, are
included. This could be, e.g. a weight decay term [81] to encourage model
parsimony – typically a linear function of the parameter vector’s L1-norm,
L2-norm, or a linear combination [82], in which the L1 term serves to
dissuade the model from including a large number of parameters, and the
L2 term dissuades large weights for individual parameters. Expressing
loss functions as functions of parameters will also make gradient descent
approaches, the topic of section 3.2.3 more intuitive.

Second, and related to the previous point, it should be emphasized
that the model with the lowest loss function is not necessarily the ’best’
model in a global sense. The loss function only measures model quality
on the available data, and one may easily construct an overly complex
model which, by the loss function’s metric, performs well on the available
data but will not generalize well to new data. This is the topic of sections
3.1.2 and 3.1.3.

3.1.2 Bias-variance & overfitting

When adjusting model parameters w to obtain the optimal model, one
is often faced with the problem of generalizability, meaning loosely the
danger of a model which is good at handling the available data, while not
necessarily translating into the model being good at dealing with new,
previously unseen data. In informal terms, data y are often viewed as
a compound result of two processes: 1) some underlying mechanism f
which is dependent on input data, and 2) a stochastic process which is
inherently unpredictable. Since one typically does not have access to the
two separately, accidentally adjusting a model to describe the latter rather
than the former represents a common pitfall in machine learning. As an
intuitive example of this, consider a simple linear model in which target
variables are the results of a linear function acting on the input variables,
as well as a noise term:

y = b + ax + ε (3.6)
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If one generates a number of data points from 3.6 and then attempts to
fit a polynomial model as well as possible to the data by minimizing the
MSE, it will typically be the case that the greater the polynomial degree of
the model, the lower the cost function will be, up until the point where the
degree of the model is equal to the number of data points, in which case
the MSE will be zero. Using 3.1 as a metric for goodness, such a model
will perform flawlessly on the available data, but perform terribly on new
data as it becomes available. The problem in more general terms is that
the model has adapted to describe not the underlying model b + ax, but
rather the noise ε, which by its nature is irrelevant for describing future
data. On the other hand, choosing a model to be too simple, such as
using a first order polynomial to model a quadratic problem, will also
be an inferior choice. In machine learning, using data to adapt model
parameters is called fitting the model, and adapting parameters such that
the model performs significantly better on the initially available data than
on general data, is called overfitting.

In more general terms, one can consider for illustration purposes a
model

f = y + ε (3.7)

where y is a deterministic function of input data and represents the
function one wishes to model, and ε is a symmetric noise term. Using f̂ to
denote a model’s best attempt at representing the underlying model given
a dataset, the MSE function 3.1 becomes 〈( f̂ − y)〉 and can be decomposed
into an instructive format. Recalling that variance is given by

σx = 〈(x − 〈x〉)2
〉 = 〈x2

〉 − 〈x〉2, (3.8)

and exploiting linearity of expectations and symmetry of ε (so e.g. 〈y2
〉 =

〈 f 〉 and 〈ε〉 = 0 for all functions g), the cost function can be decomposed as

〈( f̂ − y)2
〉 = 〈 f̂ 2

〉 + 〈y2
〉 − 2〈 f̂ y〉,

= 〈 f̂ 2
〉 − 〈 f̂ 〉2 + 〈 f̂ 〉2 + 〈y2

〉 − 〈y〉2 + 〈y〉2 − 2〈
(

f + ε
)

f̂ 〉,

= σ f̂ + 〈 f̂ 〉2 + σy + 〈y〉2 − 2〈 f f̂ 〉,

= 〈 f − f̂ 〉2 + σ f̂ + σy,

(3.9)

by substituting
〈y〉2 + 〈 f̂ 〉2 − 2〈 f · f̂ 〉 = 〈 f − f̂ 〉2.

If one views the expectation values in (3.9) as taken over data drawn from
an ensemble of possible datasets, the three components of the loss function
become clear:
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• 〈 f − f̂ 〉2 represents bias as it measures how far an inferred model is
expected to be from the true model.

• σ f̂ represents model variance with respect to datasets, i.e. the degree
to which the model’s predictions sensitivity to the dataset drawn.

• σy represents noise, and is independent of the model.

The challenge imposed by this is that, given a limited amount of data, an
attempt at reducing the bias in the model’s performance by increasing its
complexity, will also increase the sensitivity to the data drawn, increasing
the variance term, and vice versa. This phenomenon is known as the
bias-variance tradeoff.

In summary, simply fitting a model to minimize a cost function given
the available data can easily allow an overly complex model to overfit,
and oftentimes, measures must be taken to avoid this. One such measure
can be the inclusion of one or more terms that measure model complexity
into the objective function, as mentioned in section 3.1.1. The following
section outlines a more easily applicable and widely used method and
introduces the relevant terminology.

3.1.3 Training, testing, and validation

A popular strategy in response to the dangers of overfitting is to simulate
model generalization by only fitting a model on a subset of the data one
has available. This process partitions the data into a training set and a test
set, and the processes of fitting the model to the former and evaluating it
on the latter are consequently called training and testing the model. As
the model doesn’t have access to the test set during training, the model
can be assumed not to adapt better during training to the test set than to
arbitrary data except by coincidence (and provided data in general are
sampled from the same distribution as the train and test data).

In order to obtain better statistics on this procedure, it is often repeated
iteratively by partitioning the available data into k sets or folds, repeatedly
train the model on k − 1 folds and testing on the remaining, for all k
possible choices of training sets (I’m assuming here that the order of the
training data does not matter, which is often the case). This procedure
is called k-fold cross-validation and provides a better estimate of model
generalizability [83]. While performing cross-validation, one may check
for discrepancy between model performance on training and test sets,
which is indicative of overfitting.
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Cross-validation is also often used to tune hyperparameters for models.
A hyperparameter is a quantity which affects overall model behavior
but is not informed by data during training, hence effectively selecting a
particular model from a family of related models. A simple example of this
could be a nearest neighbor classifier is predicted by having nearby points
‘vote’ for the predicted class of a point in question, weighting each point’s
vote with some function of its distance to the point to be classified. Here,
ordinary model parameters could be, e.g. parameters of the weighting
function (such as the width of a Gaussian), whereas hyperparameters
could be the number of neighbors to include in the voting, or which
features of the input data to include, i.e. which properties of the data to
include and which to ignore in the model. Hyperparameter optimization
is sometimes done by a simple grid search procedure, in which a range of
possible values for the hyperparameters are each used for a number of
cross-validation runs, where the runs for each unique hyperparameter (or
combination thereof if there are several) are averaged to reduce statistical
fluctuations.

However, using cross-validation in this fashion violates the principle
of non-dependence between training and test set, as the optimal choice
of hyperparameters is also dependent on the data and as such subject to
possible overfitting. [84] One solution to this is to redo the hyperparameter
selection for each step of the cross-validation run, using only the k − 1
folds to select hyperparameters. Another is to first partition the data into
two parts, then splitting the first part of that into folds and running cross
validation with hyperparameter selection on that, then finally evaluate the
whole thing on the latter set. In this approach, the final set is sometimes
called the validation set, with the folds used for cross-validation referred
to as training and test sets, although some authors prefer reversing the
terms test and validation sets. [80]

3.2 Neural Networks
Neural networks (NNs) are a particular category of machine learning
methods, which have enjoyed varying degrees of popularity over the
years. While neural networks historically have been outperformed by
other machine learning models, in the relatively recent past an abundance
of data for training as well as increased availability of affordable com-
puting power, in particular in the form of graphics cards, or graphics
processing units (GPUs), has facilitated great leaps in the performance
of NN methods [85]. There are many examples of these improvements
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gaining massive mainstream attention, such as IBM’s Watson beating
top-ranked human players at Jeopardy [86], or Google’s AlphaGo defeating
the world champion at the game of Go [87].

Figure 3.1 shows an illustration of an example of a neural network that
I will refer to while providing some relevant background, terminology,
and theory. The nodes in the network are typically referred to as neurons,
but occasionally as perceptrons for historical reasons. The links between
neurons indicate the weights between a pair of neurons. This can roughly
be thought of as the degree to which the behavior of one neuron can affect
the behavior of another, but I will treat this in more detail later.

In simple neural networks, the neurons will be arranged in layers in
a way such that neurons in layer i can only be connected to layers i ± 1,
receiving inputs only from neurons in the i − 1st layer, while feeding their
own output as input to neurons in the i + 1st layer. As with many machine
learning schema, the objective is often to predict an output given some
related input. In neural networks, these values themselves are represented
as neurons in an input and output layer, with one neuron representing
each scalar required to describe the variable. In the case of Figure 3.1,
for instance, the network takes a four-dimensional input variable, and
outputs a three dimensional output variable.

Figure 3.1: Illustration of an example neural network.
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3.2.1 History

Neural network theory has strong historical connections to studies of
human and animal brains, and have often drawn inspiration from fields
like neuroscience and biology [88]. For example, early developments in
neural networks were heavily inspired by the visual cortex of cats [89], and
the paper recognized by many authors as the first paper on neural network
was an attempt at describing brain processes in a logical formalism [90].

Similarly inspired by an increasing understanding of the brain, early
computers capable of responding to visual inputs were built starting in
the late 50’s. These computers, called perceptrons, were built with physical
wires forming connections between simulated neurons that would either
fire or not fire depending on the received input [91]. Simple perceptron
models with no hidden layers, however, were shown to have profound
limitations, most notably the inability to model a simple XOR (exclusive
’or’ gate, which takes two boolean inputs and returns true if only one
of them is true, and false otherwise) [92]. This limitation is intuitively
clear as a single-layer perceptron outputs a linear function of its inputs,
whereas the XOR gate A ⊕ B must output zero for inputs (0, 0) and (1, 1),
but one for (1, 0) or (0, 1).

This caused a temporary stagnation in research into neural networks/-
perceptron based approaches, despite the criticism only being leveraged
against single-layer networks, although models incorporating several
layers, multilayer perceptrons (MLPs) were already present in the literature
at that point [85].

Research into MLPs – also called feedforward networks, as the outputs
from one layer is ’fed’ to the following, as seen in figure 3.1 – began to
gain momentum again in the early 80s, as sophisticated methods were
devised to adjust large numbers of weights to fit data, as will be described
in the following.

3.2.2 Neurons & backpropagation

One thing that changed during the resurgence of neural networks in the
80s was the behavior of neurons. Early on, as previously mentioned,
neurons would simply fire or not fire depending on whether their total
input exceeded some threshold. Absorbing that threshold into the bias
term b, the activation function g, which outputs 1 if the neuron should fire,
and 0 otherwise, can be written in terms of the Heaviside step function,

g(x) = θ(w>x + b). (3.10)



42 CHAPTER 3. MACHINE LEARNING

Activation functions like (3.10), however, fell out of favor, due mostly
to the fact that the discreet nature of such functions made model fitting
difficult, as tiny perturbations in model weights w could trigger cascades
of changes in neuron behavior.

To overcome this, continuous activation functions became increasingly
popular, with the most well-known being Sigmoid or logistic activation
functions [93], such as

g(x) =
1

1 + e−(w>x+b)
. (3.11)

The differing terminology in this case comes partly from the tendency to
use ’Sigmoid’ to denote the special case of the logistic function

f (x) =
1

1 + e−k(x−x0)
, (3.12)

where k = 1 and x0 = 0. However, only adding to the confusion, ’Sigmoid’
is also occasionally used to denote not this special case of the logistic
function, but a more general class of ’s-curve’ functions of which logistic
functions are a special case. These are characterized by monotonicity,
continuity, a non-negative, bell-shaped first derivative, and having two
horizontal asymptotes (typically 1 for x → ∞ and 0 or −1 for x → −∞).
Increasing the terminology-induced confusion even further, the term
’neuron’ has come to be used by some authors strictly for nodes using
a continuous activation function, whereas ’perceptron’ is then used in
the converse case to explicate the discreteness of an activation function.
In spite of this, ’multilayer perceptron’, or MLP, remains in use as term
for simple neural networks, for instance in Python’s widely used sklearn
module [94]. In recent times, a number of alternative, non-s-shaped
activation have emerged, with one of the more popular being the Rectified
Linear Unit (ReLU) function [95]:

f (x) = max(0, x) (3.13)

One great advantage of continuous activation functions is that they’re
often differentiable (and functions such as (3.13) can easily be interpolated
at e.g. x = 0). Earlier advances in automatic differentiation [96] were
then exploited to develop the backpropagation (BP) algorithm [97], to obtain
the gradient of an objective function with respect to model parameters
w, i.e. finding the direction in parameter space in which an infinitesimal
perturbation yields the greatest decrease of some loss function. Section
3.2.3 treats this subject in more detail. In addition to these qualities, it
was shown in the late 80s that neural networks with a hidden layer and
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Sigmoid activation functions can approximate any continuous function to
arbitrary precision [98].

3.2.3 Gradient descent

As touched upon in the previous, differentiable activation functions allows
one to use the backpropagation algorithm to find the directions of steepest
descent of a loss function in parameter space. In practice however, BP
is never as simple as descending continuously until the parameters that
minimize the loss function are found. Parameters are instead updated
iteratively by evaluating the gradient at the current parameter values,
taking a slight ’step’ α in the direction of steepest descent, and repeating:

∆w = −α∇w f ,
w← w + ∆w.

(3.14)

Typically, the algorithm above is then terminated either when some
predefined maximum number of iterations is exceeded, or when the
maximum change of the target function over some number of consecutive
iterations of the algorithm drops below some threshold. Here, the step
size, also occasionally called learning rate, α, is another example of a
hyperparameter, as discussed in section 3.1.3. It might seem intuitively
better to take smaller steps, but this increases the risk of the gradient
descend algorithm getting stuck in local optima. On the other hand, taking
too large steps might cause the algorithm to wander back and forth past
an optimum, without ever stabilizing, hence necessitating the previously
mentioned number of maximum steps.

One approach to making the procedure in (3.14) more effective and
less prone to terminating in local minima is to include a momentum
term [99], such that in each step, the direction is not completely replaced
by the direction of steepest descent at the current point, but by a linear
combination of that and the current direction, allowing the algorithm to
’remember’ its trajectory:

∆w← −α∇w f + µ∆w,
w← w + ∆w.

(3.15)

A recent gradient descent-based optimization scheme, Adam, incorporates
a momentum term but has other nice properties like scaling invariance
and updating weights by weighting them with the inverse square root of
the estimated squared gradient [100]. This makes the optimizer resilient
to noise, scaling, and sparse gradients, making it the generally preferred
optimizer in the deep learning community [101].
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3.2.4 SoftMax

As previously mentioned, a class of problems for which machine learning
often proves useful is that of classification, i.e. based on some input,
predicting which of a discreet set of possible categories the input belongs
to. With neural networks, classification problems can be attacked in a way
that is very similar to regression problems, by constructing a network in
which the last layer before the output layer has n neurons, with values
g0, g1, . . . , gn, where n is the number of possible classifications. At the
final layer the outputs g from the previous layer are then converted into n
probabilities1 using some normalized function such that a probability zi

increases with zi. The SoftMax function,

pi(g; β) =
eβgi

Z
(3.16)

Z =
∑

i′
eβgi′ (3.17)

is often used for this purpose.
The SoftMax function has a range of useful properties – in addition

to being guaranteed to be normalized and increasing with the values
on the previous neurons, (3.16) is easily differentiable and can therefore
effortlessly be included in a backpropagation/gradient descent scheme.
Furthermore, (3.16) is closely related to the Boltzmann distribution,

pi =
e−Ei/kbT

Z
(3.18)

from thermodynamics. There, it predicts that at low temperatures, low
energies will have much higher probabilities of being observed, with
the difference gradually evening out as temperature increases, with all
probabilities being equal at t→∞.

Here, the gi are analogous to the negative energies of possible states, and
β is proportional to the inverse temperature. So when β is set to a very large
value only classes with the highest values of gi are selected by the classifier,
and decreasing β (analogous to increasing the temperature) introduces
more randomness. Because of this connection, the hyperparameter β
is sometimes called the temperature of the SoftMax, and the related
quantities reversed (i.e. ’decreasing β’ becomes ’raising the temperature’
and vice versa).

1To eliminate redundancy, this is sometimes done with only n − 1 neurons, as the
probability of the remaining category follows from normalization.
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Apart from being another hyperparameter one can tune for optimizing
results in supervised learning, the temperature parameter plays an inter-
esting role in networks used to generate or alter data, such as networks
trained on a collection of books by a specific author to produce text that is
similar to other works in that genre. There, setting the temperature too
low, for instance, will result in the model only outputting ’boring’ words
that occur with high frequencies in the original works, whereas increased
temperatures will produce a more varied output.

3.2.5 Summary

To summarize the things introduced in section 3.2 and to show that
hidden layers increase representation power by allowing neural networks
to approximate the XOR gate, I’ve trained a neural network with two
input neurons, one output neuron, and a hidden layer containing four
neurons, all using the logistic/Sigmoid activation function from (3.11).
Using gradient descent with a learning rate of α = 10−6, the network was
trained on 105 input values drawn uniformly at random from the square
x, y ∈ [0, 1). To each point I ascribed a target value of 1 if the point (x, y)
was in the second or fourth quadrant of the square, and 0 otherwise,
mimicking the XOR function.

The resulting network, outputs from the four hidden neurons and the
output neuron, and a plot of the signal from the activation function on the
output neuron as a function of the weighted inputs from the hidden layer
w>g, are all shown in figure 3.2.
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Figure 3.2: Visual summary of a simple neural network trained to approximate
the XOR function. (a) shows the structure of the network, with model weights
labeled on the links, and the bias of a node printed in parenthesis after the node’s
name. (b-e) show heatmaps of the outputs of the four hidden neurons g1-g4,
which darker colors corresponding to greater values. A similar map is shown in
(f) for the output neuron z, showing a pattern similar to that of the XOR function.
Finally, (g) illustrates the Sigmoid activation function used in all of the neurons,
but with the bias term from the output neuron.

3.3 Deep learning
The term Deep Learning (DL) covers a range of techniques which expand
upon methods outlined in 3.2. Common to all those is that they involve
a much larger number of layers of neurons than the methods typically
pursued in the 90s. This increased complexity is both the reason for the
current success of DL, and for its breakthrough having only occurred
relatively recently, as DL models typically require vast quantities of data
for training, which in turns necessitates greater computing power than
was readily available to researchers earlier [85].

The purpose of this chapter is not to give anything that remotely
resembles a exhaustive review of contemporary DL techniques, but merely
to familiarize the reader superficially with techniques I have used, or
considered using, in my work.

3.3.1 Embeddings

Some words, like ‘cat’ and ‘kitty’, have very similar meanings although
they are represented by different words, and it is often advantageous to
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represent texts not merely in terms of their constituent words, but in a way
which exploits such underlying semantic relatedness. One very old idea
from the field of information retrieval, is to represent texts and documents
in an abstract vector space [102].

One way of obtaining such a representation is to first preprocess texts
into tokens and then perform some mapping into an abstract concept space.
Preprocessing can involve for instance stubbing words by converting
various forms of a word into the simplest form, like converting ‘running’
into ‘run’. It can also involve determining a vocabulary of feasible words
and n-grams (groups of two or more words presumed to have some special
meaning, like ’red wine’ or ’high school dropout’), and then representing
texts as e.g. a series of sparse unit vectors containing only a 1 at the index
of the corresponding term in the vocabulary, and zero elsewhere. Each
such vector can then be mapped to a corresponding vector in a concept
space, where semantically related terms will hopefully correspond to
vectors that are relatively similar under some measure such as the cosine
similarity.

One approach to the latter, which has performed well at a variety of
NLP tasks, is Explicit Semantic Analysis (ESA), which uses a large human-
generated collection of documents, for example Wikipedia articles, to
represent abstract concepts [103]. A term vector wi is then converted into
a normalized concept vector v where each element vi is some measure of
relatedness – often TF-IDF (term frequency-inverse document frequency)
scores – between the term and the i’th document. Another popular
approach is to use not explicit collections of such ’concepts’ but to instead
use patterns obtained directly in the texts of interest, for instance by
projecting onto eigenvectors of the term correlation matrix, as done in
Latent Semantic Analysis (LSA) [104].

An alternative approach to word embeddings, which has roots in the
neural network literature, is to only do the preprocessing step outlined
above, and include an embedding layer into the neural network, then simply
training the weights converting terms into embeddings as part of the
backpropagation procedure [105].

3.3.2 LSTMs & GRUs

The meaning of a given token or tokens is often strongly dependent
on the context it appears in. For example, a phrase which in itself is
strongly indicative of a particular opinion or sentiment may be used by
someone to express the polar opposite view, for instance by using the
phrase sarcastically or by quoting someone they disagree with.
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One approach to interpreting data in a way that depends on their
context is recurrent neural networks (RNNs), in which as sequence of neural
networks are trained with the output of each network forming part of the
input of the subsequent one. However, this has been shown to introduce
fundamental limitations to training the network via gradient descent [106].

A later approach which has been shown to not suffer from this defect is
that of the Long Short-term Memory (LSTM) [107]. Rather than visualizing
the full network structure, LSTMs can be conveniently illustrated using
cells, as shown in Figure 3.3. I will follow [108] in outlining how LSTMs
work. The key idea is that of a cell state which is allowed to be altered

Figure 3.3: Illustration of a series of LSTM cells. Figure adapted from [108]. The
continued cell stated is visualized as the upper horizontal line. Based on new
input, and the output of the previous cell, the cell 1) forgets information deemed
irrelevant by subnetwork a, and 2) updates with new information provided by
subnetwork b. Finally, subnetwork c combines the updated cell state with the
current input and the output from the previous cell, and produces a new output.

by inputs from the sequence. Separate conventional neural networks are
trained to decide how the cell state should be altered as a function of a
given input. An input Xt influences the cell state via two mechanisms. 1)
A ’forget gate’, in which the outputs of a Sigmoid layer (a) are pairwise
multiplied by the units in the cell state, i.e. some fraction of each cell
state unit is preserved dependent on the input and current cell state.
Subsequently, 2) new information is added to the cell state from another
sub-network (b) in which a tanh layer is trained to generate new candidate
values for the cell state, and another Sigmoid layer decides to which degree
each candidate is allowed to update the cell, similarly to the ’forget-gate’
from before. Finally (c), an output ht by another Sigmoid layer which is
weighted with the units from the cell state passed through a tanh gate.
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The output is finally passed on to the following cell. Depending on
usage, either the final output, or the full sequence of outputs h1,h2, . . . can
be passed on from the LSTM network. In summary, then, LSTM networks
are a tool to find patterns in sequential data by maintaining a ’memory’
of previous elements of the sequence by using subnetworks to infer from
new data which information should by forgotten or learned at each step
in the sequence. Occasionally, several LSTM networks may be connected
to obtain higher-order ’patterns of patterns’.

In contrast to the LSTM, which updates its states in two steps (first
’forgetting’ existing information, then adding new), the gated recurrent
unit (GRU) [109] updates its state by a single ’update gate’ which changes
the state into a linear combination of its old state, and a new, candidate,
state which is a function of the current input. Compared to LSTMs, GRUs
are often found to yield similar performance – even better in the case of
smaller datasets – and tend to converge quicker [110].

3.3.3 Dropout regularization

With the added model complexity of an increased number of layers and
neurons comes an increased risk of overfitting the model. One way of
handling this has been simply to stop model training when performance on
training data starts significantly exceeding performance on test data [111],
or to include some measure of model complexity into the objective function,
as discussed in section 3.1.1.

A relatively recent, and quite elegant approach to handling increased
model complexity, is dropout regularization [112]. This procedure consists
simply of randomly discarding, or ’dropping’ random neurons in the
network. The logic behind this is to discourage overly complex pattern
learning by sampling randomly from the 2n possible networks, where n is
the number of connections that can be dropped. In a given iteration of
training, then, any specific combination of neurons will remain ’undropped’
with a probability that decreases exponentially with the number of neurons,
thus discouraging the model from learning overly complex patterns.

As one would intuitively expect, this introduces some noise into the
gradient descent mechanism; at any given step, some combination of
neurons might be active which drastically influences the direction of the
gradient. In other words, at any given step, the algorithm might overfit in
a different direction in parameter space. A common technique to alleviate
this is to increase the momentum term in the gradient descent algorithm,
as discussed in section 3.2.3.
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In the context of sequential data, it is often useful to use spatial dropout,
i.e. using a noise form which ’drops’ units using the same pattern
across one or more dimensions of the input tensor, for instance choosing
random words to drop for each sentence instead of for each individual
word [113], or dropping feature maps instead of pixels in convolutional
neural networks for image analysis [114].

Even though dropout is often used as a substitute for traditional
regularization methods like weight decay (described in section 3.1.1),
there’s evidence that the two are not exclusive, and should be used in
unison [113].

An alternative to normal dropout is dropconnect [115], in which ran-
domly selected weights, rather than units, are dropped. This means that
whereas normal dropout selects random neurons and sets all their outputs
to zero, with dropconnect all neurons only receive inputs from a randomly
selected subset of the previous layer. Applying this approach in recurrent
layers can sometimes increase performance [116].

3.3.4 Pooling layers

A particular dimensionality reduction technique is to apply a reduc-
ing function over some of the dimensions of an input tensor. For in-
stance, a MaxPooling layer can reduce the dimensionality of e.g. a (i, j, k)-
dimensional tensor to a k-dimensional where each of the k values is the
max value over the i × j values for each value for k.

Another example is the Global Average Pooling layer [117], which
performs a similar reduction, but by computing averages.

3.3.5 Transfer learning

Neural networks can be summarized briefly as a set of techniques for
finding complex patterns between input and output data, and using those
patterns to more accurately model the latter from the former. It seems
reasonable, then, to ask whether patterns discovered in one, ‘source’,
domain could prove useful in a related ‘target’ domain. As it turns out,
this is often a useful approach, in cases where the domains and tasks of
interests are similar or related [118]. Neural networks have proven useful
for language analysis tasks [105], especially in cases where the source
domain contains vast amounts of data [119].

In a sense, then, the overall idea of transfer learning is to attack a
problem, which entails a dataset of limited size, by using a much larger,
and somewhat related, dataset to construct a highly complex algorithm,
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such as a deep neural network, and essentially use the patterns discovered
by that as an embedding layer, as discussed in section 3.3.1, in another
model. The data extracted is typically not the output layer, as that is
usually too specific to the source domain – instead the outputs from either
the embedding layer or another hidden layer are used [101].
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4
Social contagion

This chapter expands upon the contagion models from chapter 2 to model
other spreading processes than infectious diseases. I will generally use the
terms social contagion or social spreading for such contagion processes, which
may include a multitude of different phenomena such as the spreading of
information or beliefs, or emotional or behavioral contagion. In examples
in the following, I will generally use exclusively behavior as an example.

To briefly outline the chapter, I will introduce the notion of simple
contagion, an approach to modeling social spreading processes in ways
that directly resemble those of traditional epidemiological processes. I
will then go over a few specific reasons why simple contagion is not a very
compelling theory, particularly social pressures and attention economics,
while summarizing my own work in the area.

4.1 Epidemic models/simple contagion
It was first proposed in 1964 by Goffman that traditional epidemiological
models might be extended to model the spreading of ideas in human
systems [120]. This notion involves extending the type of models covered
in chapter 2, in which each possible transmission succeeds in causing an
’infection’, i.e. adopting the behavior in question, with some independent
probability ρ, as was the case in the bond percolation framework from
section 2.2.

Such models are known as simple contagion models. Simple contagion
models have the property of being almost linear in ρ, meaning the adoption
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probability is roughly proportional to the number of exposures. This can
be seen from the fact that the probability of each transmission succeeding
is by definition Bernoulli distributed, and hence the number of successful
transmissions to an agent follows a binomial distribution. As the agent
becomes infected whenever one or more transmission attempts succeed,
the probability of infection following k exposures is given by another
Bernoulli with

pk = 1 − (1 − ρ)k, (4.1)

which may be interpreted simply as the probability that not all transmission
attempts fail. As pk = 0, the linear approximation of equation (4.1) is given
by

pk ≈
∂pk

∂k

∣∣∣∣∣
k=0

k = − ln(1 − ρ) · k. (4.2)

Figure 4.1 shows equation (4.1) along with equation (4.2) for ρ = .01
for a range of values of k.
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Figure 4.1: Visualization of the adoption probabilities arising from equation (4.1),
with individual transmission success probability ρ = .01. The linear approxima-
tion of equation (4.2) is a good approximation in the low adoption probability
region.

One reason to expect the simple contagion model to be insufficient is
its neglect of the effects of social pressure, i.e. the tendency to gravitate
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towards the beliefs and behaviors of others. An example of social pressure
could be the famous experiments of Solomon Asch [121], in which study
participants were shown a line segment and asked to determine which one
of several candidate line segments had the same length. Unbeknownst to
the participants, a number of actors were hired to pretend to be participants
and give erroneous answers in unison before the turn came to the actual
subject to speak their mind. This demonstrated a very clear effect of social
pressure exerted by the group, provided the group consisted of at least
three members.

Such a contagion effect cannot be modeled by a simple contagion
mechanism, which takes into consideration only the number of attempts
at transmission, and completely neglects the number of people from whom
those attempts originate. One would intuitively expect the number of
transmission sources, rather than the number of transmission attempts to be
the key quantity in social spreading – if 100 people recommend a movie to
you, you might just go and watch it, but if your friend Bob recommends
the same movie to you 100 times, it’s probably just Bob being weird.

4.2 Threshold models & complex contagion
An interesting example of a model for social spreading that attempts
to take social pressure into account is the threshold model, originally
proposed by Granovetter [122]. In threshold models, the probability
of adoption increases suddenly when the number of people partaking
in some behavior (or, for some models, the fraction that such people
constitute of a given group) exceeds some threshold. The original model
is a hard threshold model, in which adoption probability is distributed
according to a Heaviside step function. Denoting the event that an agent
adopts the behavior or information by r, the model may be written as

P(r|k) = Θ(k − k0), (4.3)

where k0 is the threshold. Alternative models can be constructed in which
the adoption probability varies more slowly as the threshold is approached,
i.e. a soft threshold model,

P(r|k) =
1

1 + e−w(k−k0)
, (4.4)

where w determines the steepness, so equation (4.4) tends to equation (4.3)
as w → ∞. Additionally, the model can be adapted to tend to arbitrary
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probabilities, rather than zero and one, as k grows very large or small. I
call such models offset threshold models. An offset threshold model can be
written on the form

P(r|k) = ρl +
ρh − ρl

1 + ew(k−k0)
, (4.5)

where ρl and ρh denote the lower and upper limits on the probabilities,
respectively. Figure 4.2 shows examples of these three models – hard
threshold, soft threshold, and offset (smooth) threshold.
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Figure 4.2: Three different threshold models.

Granovetter notes that this model can lead to cascades – a chain reaction
in which the number of people partaking in a given behavior ’snowballs’
as more and more people find that their threshold for adoption has been
met.

One challenge with threshold models is that the key quantity is the
number of sources of exposure, rather than the number of exposures.
When dealing with real data, one seldom has direct access to people’s
such perceptions, and it is necessary to attempt to infer the number of
exposure sources observed by an agent. This is the topic of the following
sections, which summarize the complex contagion model I developed and
evaluated in [1].

4.2.1 Network homophily as a confounder

One challenge presented by social contagion models is brought about by
network homophily, described in section 1.1.3. The problem is that real
life social networks exhibit a high degree of homophily, i.e. agents are
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disproportionately linked to people that are similar to themselves [123].
This presents a problem to observational studies, in which effects of
homophily and social contagion are easily conflated [124].

The confounding mechanism is fairly intuitive – observing correlations
between an agents behavior, and the pervasiveness of that behavior in
their immediate vicinity in a social network, is equally consistent with the
hypotheses of general network homophily, and of contagion of behavior.
In slightly simplistic terms, if you are passionate about cats, you are likely
to be friends with other cat enthusiasts. If I observe that you are more
likely to share information shared by many of your friends, it might be
due to you yielding to social pressure, or it might be because information
shared by many of your friends is more likely to be cat-related, and thus
resonate with you. Discerning between these two effects presents a great
challenge to observational studies of social spreading [125].

For my work on complex contagion models, I was very fortunate to
have available an already collected dataset from Twitter. The data were
described in section 1.2.6, but to reiterate in light of the remarks above
regarding homophily as a confounding effect, the strength of these data is
that the automated profiles would attempt to spark contagion of informa-
tion which was unrelated to the process by which they had grown their
immediate network. By having bots performing controlled, coordinated
interventions in this manner, we were able to separate homophily effects
form contagion.

However, modeling contagion in a real network in this manner presents
a new challenge. Presumably, Twitter users do not experience every single
bit of information espoused by the people they follow. In other words,
in models like that presented in equation (4.5) for social spreading, the
key quantity is the number of people observed espousing information or
behavior, but that quantity is often not directly accessible to us.

In the terminology of my paper on complex contagion [1], we have
access only to attempted exposures to an agent from source i, denoted ai,
but not to the number of actual exposures experienced by the agent. In
other words, applying the model of equation (4.5) to real data necessitates
accounting for imperfect transmission in the network in question. This is
the topic of the following section.

4.2.2 Social spreading with incomplete information

To apply a social contagion model like that of equation (4.5) to real data,
one needs to know or estimate the number of individuals k an agent has
seen espousing the information or behavior of which one wished to model



60 CHAPTER 4. SOCIAL CONTAGION

the contagion process. In general terms, then, the task is to estimate, given
some activity A in an agent’s vicinity in a social network, what is the
probability of adoption. This may be marginalized as

P(r|A) =
∑

k

p(r|k) · p(k|A), (4.6)

where p(r|k) is e.g. a threshold model. Determining p(k|A) is tricky.
Assuming that an agent notices each adoptee i in their vicinity with
independent, but possibly different, probabilities pi, the number of noticed
adoptees is distributed according to

P(k|A) =
∑
s∈Sk

∏
i∈s

pi

∏
j<s

(1 − p j). (4.7)

Equation (4.7) is a Poisson binomial distribution [126], and is a generalization
of the binomial distribution in which the underlying Bernoulli processes
are not assumed to be identical. The runs over the set of sets of k neighbors
of the agent. For example, if an agent has N = 10 adoptee neighbors,
which we may enumerate as 1, 2, . . . , 10, and we want the probability of
them noticing k of them. The set

Sk = {s ⊆ {1, 2, . . . ,N} , |s| = k} , (4.8)

contains all (unordered) sets representing all the possible ways we may
select k neighbors from N candidates. For example, when k = 3 and
N = 10, S3 contains elements such as (1, 2, 3), (1, 5, 6), (1, 7, 10) and so on.
Each term in the sum in equation (4.7) then gives the probabilities of the
agent noticing exactly the 3 neighbors in some s ∈ Sk, and not noticing the
remaining 7. Note that as the subsets s are unordered, the summation in
equation (4.7) runs over

|Sk| =

(
N
k

)
=

N!
k!(N − k)!

(4.9)

terms. If the pi are assumed to be identical, the two products reduce to pk,
and (1−p)N−k, respectively, and thus equation (4.7) reduces to the binomial
distribution.

Modeling exposure attempts from a neighbor as individual events
that agents have some independent probability q of noticing, the number
of successful attempts will follow a binomial distribution. Denoting the
number of attempts from neighbor i by ai, and therefore the number of
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neighbors by |A| = N, the probability that at least one attempt is successful,
i.e. that the behavior is indeed noticed, is then

pi = 1 − (1 − q)ai , (4.10)

resulting in a final adoption probability of

P(r|A) =

|A|∑
k=1

∑
s∈Sk

∏
i∈s

(
1 − (1 − q)ai

)∏
j<s

(1 − q)a j

(
ρl +

ρh − ρl

1 + e−w(k−k0)

)
, (4.11)

where
Sk = {s ⊆ {1, 2, . . . , |A|} , |s| = k} . (4.12)

While the sum in equation (4.11) quickly becomes infeasible to compute
directly because the size of |Sk| grows rapidly with |A|, it can either be
estimated using Monte Carlo procedures, or analytically, by identifying
the subsets which give unique contributions to the sum and scaling them
up by their multiplicities, see S1 in [1].

The model for social spreading of equation (4.11) derived in this section
turned out to provide an excellent fit to the Twitter bot dataset described
in section 1.2.6. Figure 4.3 shows the best fit of the model to the retweet
probabilities and the number of retweets observed in the data.

Figure 4.3: The predictions of the best fit of the model for social spreading in
equation (4.11) along with A the retweet probabilities and B the number of
retweets observed in the Twitter bot dataset. This figure was originally used as
part of figure 3 in [1].

4.3 Attention dynamics
Another thing that sets social contagion apart from classical epidemiology
is the effects of attention and attention dynamics. Such effects include
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reluctance to spreading ‘stale news’ [127], or to engage with several very
similar topics at the same time. Precisely the interactions between attention
and content were the subject of the paper entitled Accelerating dynamics of
collective attention [3]. As I am not a main author on this paper, and my
main contributions were limited to data collection and analysis, I will not
go into a lot of detail here, but merely provide a brief overview of the
paper and its relation to the present thesis.

I wish to very briefly outline a few potential effects one might expect
to arise from the interplay between increasing amounts of available
information, along with limited human attention.

• Technosocial acceleration – Technological progress moves forward
at an ever-increasing speed [128]. Changes such as increasing speeds
of travel, increased rate of production, especially of digital goods, as
well as increased speed of communication in general. It has been
argued that changes such as these alter the human experience of the
world, for instance by reducing perceived distances shrinking (the
saying ’it’s a small world’ being exemplary), or by presenting us
with ever-increasing amounts of data [129].

• Limited attention – some writers treat attention as a finite resource,
for which there must be ever increasingly fierce competition as the
amount of available information grows [130]. In connection to the
previous point, our attention seems to also be limited in a geograph-
ical sense, i.e. humans seem to tend to have an approximately fixed
number of locations in their mobility patterns [131].

• Attention saturation – the attention received by particular items
tends to decay over time [132]. One of the earliest objections to the
thesis that social spreading might be modeled as a simple epidemic
was that people might have a preference for fresh information,
necessitating a temporal aspect of modeling essential [127].

The second bullet point above may be related to a variation of the Lotka-
Volterra dynamics of section 2.1.3. The Lotka-Volterra equations used to
model competition are very close to the usual dynamics in equation (2.11),
but defined to allow for logistic, rather than exponential, growth in the
absence of competition:

ẋi = bixi

1 −
∑

j

ai, jx j

 . (4.13)
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It has a growth term proportional to xi, allowing an exponential growth
phase, and a competition term proportional to xix j, which reduces a popula-
tion i proportionally to its size and the size of a competing population j
(of course the interaction coefficient may also be positive, as is the case for
symbioses, but because the relevance is to competition, I’m emphasizing
negative interactions), which allows for a lag phase as well.

If one were to model information spread using this framework, several
aspects from the above are relatively easy to incorporate. Increased
production can be implemented simply by increasing the self-coefficient
bi. Increased production of information within a specific topic due to
a self-reinforcing tendency to create more content in topics that are
already popular. Similarly, limited attention may be modeled through the
competition terms.

The saturation effect can be implemented using a memory kernel term,
which increases gradually with the amount of time in the recent past topic
i has been widespread. Equation (4.14) shows a model incorporating these
effects in a Lotka-Volterra framework.

˙xi(t) = rpxi(t)

1 − rc

∫ t

0
e−α(t−t′)xi(t′) dt′ −

∑
j,i

ai, jx j(t)

 . (4.14)

In [3], we used the model from equation (4.14) to model attention dynamics
in various datasets, including the decahose Twitter dataset described in
section 1.2.6. We found in most cases that the temporal windows during
which a topic rose to prominence and declined again, appeared to be short-
ening over time. Interestingly, this effect appeared in historical datasets as
well, including data on movie box office sales, book publications, etc. In
addition, we found that the overall dynamics could be largely reproduced
by gradually increasing rp in equation (4.14), lending credence to the
notion that the narrowing windows of collective attention are due to
increased content production.
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5
Online discourse and echo

chambers

A pervasive concern regarding online communication is related to the
notion of homophily and assortativity introduced in section 1.1.3. One
might intuitively expect online discussion to facilitate more varied and
multifaceted discussion – as the world becomes increasingly connected by
means of the internet, it becomes easier in principle to interact with people
from more diverse backgrounds, and with expertise in various areas etc.

However, while the online world allows for increased information
flow between people that might not otherwise interact much, it might
also have the opposite effect. For example, many online platforms make
it exceedingly simple for users to establish and destroy connections to
other users. Given that many social networks are thought to be generated
by some form of preferential attachment process, as was discussed in
section 1.2.4, it seems at least realistic that users might exhibit a preference
for attaching to users that are similar to them selves, resulting in network
structures that exhibit echo chambers, i.e. a high degree of assortativity
with regard to e.g. interests, sentiments, and knowledge among users.

This might also come about through no direct fault of the user. For
example, recommendation system build into a platform might produce
effects of algorithmic filters, where content with which the user interacts
more frequently is presented to them at disproportional rates, which may
then lead to a feedback loop.

The aim of this chapter is to provide a broad overview of such effects,
and outline relevant work of my own, specifically undertaken to improve
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understanding of such echo chambers and related effects in the online
discussions pertaining to vaccinations.

5.1 Polarization
The main aim of this section is to provide a broad overview of some
proposed mechanisms for online polarization and the evidence supporting
them, as well as justifying the quantitative study of online discourse is
important.

It has been known for long that humans tend to form social relations
disproportionately with humans that are in some regards similar to
themselves [133]. This is known to also be the case in online social
networks such as Twitter [134], and in phone-based interactions [135]. In
addition to inter-user relations, disproportionate exposure to e.g. specific
media sources is also observed in online social systems. There have been
suspicions of this being due to content filtering and recommendation
systems, although there is evidence that narrow media exposure is due
mainly to user behavior and not to automated filtering. For example, a
study of Google News found no evidence of algorithmic filter bubbles
there [136], and media exposure on Facebook has been found to depend
much more strongly on decisions on part of the user than on automated
recommendations [137].

One prominent example of a topic for which a high degree of polar-
ization exists is politics [138], where Twitter profiles that profess partisan
sentiments regarding US politics are disproportionately unlikely to interact
with each other.

One mechanism which is proposed to account at least partially for
this is that of cultural cognition, also known as identity protective cognition
(IPC) [139]. IPC posits that a great deal of disagreement is due not to
either part lacking knowledge, or to sloppy thinking [140], but because
individuals actively use motivated reasoning to maintain in spite of
conflicting evidence convictions they view as central to their group activity
[141].

Evidence for this can be viewed in a few distinct categories. One
is evidence for the proposition that analytical reasoning skills may fuel
disagreement instead of, as one might naively except, making reconcil-
iation more easily achievable. For example, I, for one, would naively
expect two highly intelligent individuals whose views different on, say,
whether man-made climate change is real, to be more likely to arrive
at an agreement after surveying the available evidence, as compared to
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lesser intellectually gifted individuals. However, this is not always so. In
reality, studies have found that the higher individuals score on intelligence
measures, the more they tend to disagree on subjects they see as politically
partisan, such as the issue of climate change [142]. This effect is observed
for a wide array of subjects, all of which are related to partisan political
identity [143], and independent of specific party affiliation [144].

Another category of evidence is supportive of the notion that the
effects are related to group identity. For example the effects of IPC have
been found to diminish when individuals are affirmed in their group
identity [145], i.e. people appear less prone to bias relating to e.g. partisan
political identity if, prior to a study, they have been affirmed in that identity,
presumably because this lessens the experience of the group identity being
threatened by the controversial evidence with which they are confronted.
In addition, studies have found that some of the effects predicted by IPC
can be alleviated by taking measures to reduce the perceived association
between a threatening viewpoint and a group to which one identifies in
opposition. For example, biases against a claim are found to go down
when subjects are presented with various personal information about
the person making a threatening claim, presumably de-emphasizing the
perception of them as belonging to an out-group [146]. Finally, studies
have found the aforementioned biases to be greatly reduced among study
participants when controversial statements were made from members of
the same group as the participant [147].

Taken together, this seems a compelling argument for the importance
of improving our collective understanding the dynamics of online dis-
course, including group formation, sentiment assortativity/echo chambers,
information flow and spreading mechanisms, etc. Further adding to this,
there is evidence that users tend to be embedded in relatively homo-
geneous clusters in social networks [148], and that people are retained
in their convictions by interacting mainly with others who share those
convictions [145]. Note that this is highly consistent with the model for
complex contagion discussed in chapter 4, although it should not be seen
as the sole explanation, as the peer pressure discussed there pertained
only to the number of conforming behavior, and the information shared
was not presumed to be related to any sort of group identity.

Yet another reason why the proposed analyses are important is the rise
of online misinformation campaigns [149]. Misinformation is particularly
dangerous in conjunction with the effects of IPC, fueling opposing groups
incompatible information, causing groups to further entrench themselves
[150]. As a concrete example Russian troll/bot profiles have been found to
amplify both sides in highly bipartisan discussions, including American



68 CHAPTER 5. ONLINE DISCOURSE AND ECHO CHAMBERS

politics [151] and more specific topics such as the vaccination debate [152],
in which a growing number of parents opt to not vaccinate their children.
Due to its rather limited scope, and the obvious importance of the subject
in terms of public policy decisions, I set out to study the online vaccination
discourse of Twitter. This is the subject of the following section.

5.2 Vaccination discourse on Twitter.
This section provides some background and a brief overview on the
vaccination debate before summarizing my own work. All figures in this
section, with the exception of figure 5.2, were originally made for my
paper on vaccine discourse analysis [4].

Vaccine reluctancy or refusal has been around since the first vaccination
against smallpox was introduced in the late 18th century. A recurrent
pattern has been that as vaccines reduce the infection rate of the disease
which they target, the generally perceived risks of the disease are reduced
as well, leading to less incentive to vaccinate. In this sense, vaccines can
be seen as the cause of their own opposition [153].

The aforementioned pattern has been seen several times in recent
times, for example in Pertussis cases in Wales and in Sweden, where
anti-vaccination movements were prominent in the 1970’s [154]. In both
cases, a period of dwindling vaccination rates was followed by a series of
outbreaks, followed in turn by an increase in the vaccination rate, as public
awareness of the disease and its dangers grew. This might explain why,
although using information to refute misinformation among anti-vaccine
individuals tends to induce a backfire effect and further entrench their
position [147], informing them of the dangers of the disease against which
a given vaccine works, and acquainting them with the consequences of
contracting it, appears to have at least some effect [155].

The modern anti-vaccination movement

An important event in the recent history of the vaccination debate is the
publication of Andrew Wakefield’s now retracted 1998 paper linking the
MMR (measles, mumps, and rubella) vaccine to autism [156]. Around
the same time, the measles was eradicated in the US [157]. In the period
immediately following the publication, vaccination rates started decreas-
ing in the United Kingdom, where mini-epidemics started occurring. The
effective reproductive number, discussed in section 2.1.2 climbed close
to unity during this period [158]. The measles has since returned to the
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US [159], with the largest outbreak in decades taking place at the time of
writing.

Outbreaks can occasionally be traced directly to locations with in-
creased activities by anti-vaccine activists. For example, activists cam-
paigned intensely in Somali-American communities in Minnesota in 2017,
with Wakefield, now stripped of his medical license, giving speeches
there. The vaccination rate plummeted from over 90% to close to 30%, and
outbreaks soon followed [160]. In other instances, outbreaks of pertussis
(whooping cough) have occurred in areas with increased rates of non
medical exemptions (NMEs) [161].

Anti-vaccine, or colloquially, antivaxx, beliefs have proven hard to
dispel, as they are tied not only to fears of vaccine-induced autism,
but also beliefs that specific vaccine ingredients are toxic [162], as well
as conspiracy theories regarding government cover-ups of serious and
frequent adverse vaccine reactions and/or low effectiveness [163]. Anti-
vaxx beliefs are also commonly tied to notions of ‘natural’ treatments and
natural living in general being superior. For example, longitudinal studies
of Twitter timelines for antivaxxers found growing concerns regarding
GMO crops and non-organic food before the individuals turned to antivaxx
beliefs, with many beginning to profess beliefs in additional conspiracies
afterwards [164].

Further problems are presented by the vast quantities of available
misinformation on the subject. One study found that more that 70% of
google hits for the term ‘vaccination’ were anti-vaccine misinformation
[165]. Videos on Youtube have also been found to be generally misleading
[166], although one study in 2013 found Twitter to do better, with only 5%
of posted links related to vaccination pointing to pseudo science sites [167].

The combination of the wealth of available misinformation, the well
documented risk for information campaigns to cause further entrenchment
into misconceptions, along with the aforementioned potential interplay
between effects such as IPC and unique characteristics of online social
networks, makes the online vaccination discourse an important object of
study. The following section provides a brief summary of my work [4] in
this regard.

5.2.1 Quantitative analysis of online discourse

The aim of this section is to provide a summary of my work on the study of
online vaccination sentiment clusters, known colloquially as echo chambers.
The work aimed to better understand online discussion of a controversial
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topic, in this case vaccination, and the interplay between e.g. network
structure, information sources, and geography.

Quantifying topic sentiment
To indentify user sentiment towards vaccines in an automated fashion,
I employed a deep neural network utilizing several of the approaches
discussed in chapter 3. To obtain a ground truth dataset, I built an online
platform on which a user could rate 100 random tweets select from a
larger collection of 10,000 candidate tweets from the Decahose data that
contained one or more keywords related to the topic of vaccination. I then
hired workers on Amazon’s Mechanical Turk (MTurk) platform to assign
to each tweet a label of ’anti/provaxx’ if it clearly expressed sentiment
against or in favor of, human vaccination, and ’neutral’ if the content
was unclear or unrelated. I first hired workers for an initial classification,
compared their ratings of 100 tweets with my own ratings, and then
rehired only the best of them to label the full dataset, in order to ensure
a high quality of the labeling. I hired 3 workers pr tweet and kept only
tweets for which all 3 raters agreed on the label, resulting in about 5000
tweets.

Due to the relatively small amount of data, I used a transfer learning
approach as discussed in section 3.3.5 to optimize the model, first training
a complex classifier to predict which of a number of relevant hashtags
will occur in a tweet based on its text content. Hashtags were chosen so
as to help the preclassifier disambiguate potentially confusing content.
For example, I included hashtags related to music, because a number of
tweets in the data referenced an indie rock band called The Vaccines. I also
included hashtags pertaining to various pets, as many vaccination related
tweets were about vaccination of animals. The details of the classifier and
training procedure can be found the paper [4]. The resulting classifier
improved significantly upon the state of the art, with a two-class accuracy
of 90.4%, and three-class F1 of 0.762.

After fitting the classifier, I categorized Twitter profiles according to the
content they produced, with profiles labeled as strongly anti- or provaxx
if more than half of their tweets were assigned probabilities of over 50%
of being anti/provaxx.

Visualizing the discourse network
For the network analyses, we started from the mutual interaction graph
discussed in section 1.2.6. We then reduced the network to only include
links which occurred in several distinct time windows, resulting in a
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network representing repeated mutual interactions. We then removed
nodes that were not identified as strongly anti- or provaxx according to the
aforementioned criteria. The resulting network, which represents consis-
tent interactions among profiles expressing strongly partisan sentiments
regarding human vaccination, is shown in figure 5.1. The network clearly

Figure 5.1: Representation of the repeated mutual interaction graph from 2013-
2016. Antivaxx profiles are colored in red, and provaxx profiles in blue.

shows that repeated interactions between profiles expressing strongly
divergent sentiments are disproportionately rare. This may be quantified
through the assortativity coefficient, previously discussed in section 1.1.3,
which evaluates to r = 0.813.

Geographical analysis
For further analyses, I also set up a small python program on a Heroku
server to listen for the relevant keywords and analyze any matching tweets
in real time. In addition, launched another Python program on a server
at DTU to paginate backwards in time, obtaining older and older tweets
matching the search terms.

One challenge was to estimate the location of the incoming tweets.
A small percentage of tweets contain the expliict values of the latitude
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and longitude at which the tweet was posted. When this was not the
case, I used a geolocation module for Python to try and infer the location
from the location string in the given user’s profile. When this failed, I
compared the location string with a data obtained from the decahose
data. Other researchers had already extracted a large number of tweets
containing both a location string and explicit location data, and compiled
a probability distribution over US counties for each recognized string.
Using that, I could compute a distribution over US states.

One goal of this was to identify regional features of the vaccine debate,
but this analysis is still at an early stage at the time of writing. Another aim
was to built an online platform to visualize the debate, which is available
in an early prototype form at www.vaxxwatch.org. A screenshot of this
visualization can be seen in figure 5.2.

Figure 5.2: Geographical representation of the vaccine debate. The heat map
represents the number of tweets containing vaccination-related keywords, which
were posted in the past few minutes before the screenshot was taken. The map
updates in real time as content is generated on Twitter.

Source analysis
One of the explicit concerns often voiced about the vaccination discourse
in particular is that the opposing groups rely on incommensurable sources
of (mis)information. To probe this experimentally, I analyzed the external
URLs posted from the two categories of profiles. As many links posted to

www.vaxxwatch.org
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Twitter are modified by external URL shorteners, I wrote a small Python
program to follow each link and recursively follow any redirects until
either a final URL was reached or an error occurred due to timeouts, a
broken link, or a cycle of links being detected. The result of this analysis
is shown in figure 5.3. Considering the top 10 most shared URLs for
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Figure 5.3: The top 10 most linked to domains by strongly antivaxx and provaxx
profiles.

each group, there is only an overlap of 2 (Youtube and Facebook), and
Youtube, along with Natural News (a pseudoscientific page that sells
alternative health products), constitutes a large fraction of the top links for
antivaxxers. For provaxx-profiles, link popularity is much more evenly
distributed among various science and news sites, and so a much smaller
fraction of URLs is represented in the top 10.

To investigate further, I partitioned top 20 links for both groups into a
few different categories. The popularity of each category of links for the
two groups can be seen in figure 5.4.

Summary

The techniques and analyses presented here do not provide a complete
and coherent understanding of the vaccine debate, but of course reducing
a discussion spanning several years and involving hundreds of thousands
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Figure 5.4: Temporal evolution of the frequency of various categories of links
shared from profiles in the two groups – a antivaxxers, and b provaxxers.

of people is bound to suffer a tradeoff between clarity and information
loss. A few lessons that I hope might inspire future work for myself or
others are:

• Deep neural networks are highly effecient at sentiment classification
tasks, espcially in conjunction with a transfer learning scheme
utlizing hashtags to disambiguate content.

• Existing network analysis tools and measures, such as the assor-
tativity coefficient, can be useful in conjunction with sentiment
classification to gain an understanding of interplay between network
structure and sentiment.

• Conducting various analyses on a user level with profiles being
assigned categories via the content they generate, can provide
interesting insights into relationships between expressed sentiment
and e.g. information sources utilized.

• Metadata from content, potentially enhanced with additional geo-
data, can be helpful to visualize and understand geometrical aspects
of the debate surrounding controversial topics.
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6
Language and norms

This chapter provides an overview of research conducted with Kamilla
Buchter at the London School of Economics. The research aimed to
investigate the influence of using scientific terminologies that contain value-
laden terms – specifically the effects of using language from microeconomic
theory to describe an experimental setting to participants – and the
interplay of any such effects with network structure in an evolutionary
game theoretical setting. The research and results are presented in the
two papers entitled Effects of narrative priming on MTurkers, mixed laboratory
participants, and economics students, and Economic terminology can create
persistent social norms, both of which are not yet submitted.

6.1 Cooperation and game theory
Cooperative behavior in some form is observed not only in humans but
in a wide range of species, e.g. wolf packs, beehives, anthills, etc. Of
course, ‘cooperative behavior’ can cover anything from the mutually
beneficial to entirely altruistic behavior. Even at the altruist extreme of
that scale, and among the smallest species, cooperation is observed. One
example is Dictyostelium discoideum, a soil-dwelling amoeba. These are
called ‘social amoebae’ because they will, in situations of food scarcity,
join together into a compound ‘fruiting body’ which rises high above the
ground (relative to their size), allowing some of the amoebae to release
spores into their surroundings while those that form the stalk of the body
perish [168].

75
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An often used proxy for cooperative behavior used in various disci-
plines is the Prisoner’s Dilemma Game (PDG) [169]. The game in its most
widely known form, consists of the following scenario: Two criminals
have been captured by the authorities and are held in separate cells. Each
of them is offered a deal in which they may get a reduced sentence by
confessing and witnessing against the other. If a prisoner confesses, they
receive a sentence of P, or T years, depending on whether the remaining
prisoner confesses, or remains silent, respectively. By choosing to remain
silent, a prisoner receives S or R years, respectively. The sentences are
ordered so T < R < P < S.

The actions of confessing or remaining silent are commonly referred to
as defecting (D) and cooperating (C). Table 6.1 provides an overview of the
sentences received by each prisoner for each of the 2x2 possible outcomes.
It is specific to this example that the outcomes are measured in terms of
something undesirable (years of a jail sentence). In general, such outcomes
are taken to be desirable, and the structure of the PDG as T > R > P > S.
The original scenario then results from simply using negative payouts.

C D

C (R, R) (S, T)
D (T, S) (P, P)

Table 6.1: The payout matrix for a prisoner’s dilemma game.

The game structure in table 6.1 exhibits an interesting property – it
contains a complete discrepancy between the interests of each individual,
and the ‘collective’ interest of the two of them taken together. Loosely
speaking, if each of them act selfishly (by defecting), both of them end up
in a suboptimal situation (as P is the second worst individual outcome).
Speaking less loosely requires introducing some concepts from game
theory, which I will do in the following.

Dominant strategies

In game theory, agents in scenarios such as the PDG are viewed as rational
agents who seek to maximize their own payouts. Agents thus have a
preference for more lucrative strategies. If a strategy results in a greater
payout than alternative strategies in every possible scenario, the strategy is
called a dominant strategy [170]. In the PDG above, defection is thus clearly
a dominant strategy – if the other agent chooses to cooperate, defection
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gives T rather than R, and if the other agent defects, defecting gives P
rather than S. Since T > R and P > S, defection is the dominant strategy.

A related term is weakly dominant strategies, which applies to strategies
that always yields payouts that are greater than, or equal to, alternative
strategies. For example, it is customary in computer simulations in the
field of evolutionary game theory, which is the subject of section 6.2, to
study a slight variation of the PDG, in which T > R > P = S. This is
known as a weak prisoner’s dilemma game (WPDG). Typically, simulation
studies of WPDGs use R = 1,P = S = 0, and vary T = t across a range of
values. The defect strategy in a WPDG is then only weakly dominant, as
it gives a greater payout than cooperation if the other agent cooperates,
but gives an identical payout (P = S) is the other agent defects. When a
distinction is necessary, ordinary dominant strategies are called strictly
dominant strategies.

If a set of strategies exists such that no agent has an incentive to change,
i.e. no one can be better off in terms of payouts but altering their strategy,
the set of strategies is called a Nash equilibrium. Therefore, in the PDG, the
Nash equilibrium is the situation where both agents defect.

A final distinction which must be made is that between mixed and
pure strategies. A mixed strategy is when an agent decides on randomly
selecting two or more strategies with some probability distribution (for
example deciding to defect or cooperate with probabilities p = .3 and
p = .7, respectively), whereas in pure strategies, a single strategy is chosen
deterministically. As the PDG has dominant pure strategies, and hence
a pure Nash equilibrium, I will not be discussing mixed strategies, and
hence general terms such as ‘dominant strategy’ in the following should
be taken as meaning ‘pure dominant strategy’.

Pareto optimality and social optimality

An outcome of a game from which no deviation can improve the payout
of one agent without reducing that of another, is called Pareto optimal.
In terms of pure strategies, all outcomes except both agents defecting in
table 6.1 are then Pareto optimal. Considering mixed strategies, mutual
cooperation is only Pareto optimal when the additional constraint

R ≥
S + T

2
(6.1)

is added [169], but again I am only considering pure strategies here.
Note that this makes the Nash equilibrium (mutual defection) the only
outcome which is not Pareto optimal. This encapsulates why the PDG is
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of conceptual interest, as it constitutes an archetypical scenario pitting
individual interests against collective interests, and shows that agents
striving to maximize their self interest does not necessarily lead to a
desirable outcome.

A final term to be introduced is social optimality, which covers Pareto
optimal outcomes that also result in the greatest possible sum of payouts for
all agents involved [171]. Therefore, when the condition from equation (6.1)
is satisfied, mutual cooperation is the socially optimal outcome.

6.2 Networks and cooperation
At first glance, it might seem strange that cooperative behavior has evolved
many species. If the ‘fittest’ is more likely to survive and pass on their
genes, and if individuals stand to benefit from acting entirely in their
self-interest, one might expect genes associated with cooperative behavior
to be less likely to be passed on, and thus cooperation to not evolve.

One framework in which this may be analyzed is evolutionary game
theory [172], in which strategies analyzed not as in traditional game
theory (i.e. operating on the assumption of rational agents acting to maxi-
mize payouts), but rather through competitions, simulated or analyzed
mathematically, of various heuristics, where the likelihood of a heuristic
being perpetuated and proliferated increases with its resulting fitness, as
measured by the payouts [173].

One prominent example is Axelrod and Hamilton [174], who fa-
mously devised a competition in which they allowed game theorists and
economists to submit various strategies into a series of repeated computer
simulated games, in which all submitted strategies would randomly
compete against each other. In the end, the ‘tit for tat’ strategy, which
cooperates in the first round, then subsequently copies the last strategy it
has encountered, emerged victorious.

Note that the approach of Axelrod and Hamilton of allowing interac-
tions between every strategy corresponds to the fully mixed models as
described in section 2.2. Nowak and May later introduced a framework
in which the strategies were instead embedded in a square lattice and
could only interact with their neighbors [175]. The sites in the lattice
then updated their strategies according to a Moran process [176], where
randomly selected strategies ‘die’ in each iteration, and are subsequently
replaced by an adjacent strategy. The new strategies are then chosen with
probabilities that increase with fitness. In Nowak and May’s paper, the
function is a local max function, which picks the strategy whose payouts
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in the vicinity of the site in question has the greatest sum. Figure 6.1
shows the end state after 200 iterations of such a simulation, along with
the distribution of cooperators and defectors in the simulation over time.
The PDG in the simulation has T = 1.45,R = 1, and P = S = 0.
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Figure 6.1: Outcome of a simulation of a repeated WPDG, with a local maximum
update heuristic like that in Nowak and May [175], showing defecting and
cooperating nodes at the end of the simulation. Note that the most nodes initially
defect, until clusters of cooperators start forming and stability is reached.

Since I had to run a large number of such simulations for a wide
variety of network types, update heuristics, and payout matrices, I ended
up writing a small python library, which allows one to set up and run a
simulation in just a few lines. For example, the following snippet produces
the a plot like figure 6.1:

G = graphs.load_lattice(n_nodes=50)
prisoners_dilemma = sim.Game(T=1.45, R=1, P=0, S=0)
heuristic = heuristics.LocalMax()
simul = sim.Simulation(G, prisoners_dilemma, heuristic)
simul.run(n_steps=200)

The paper by Nowak and May was published in 1992, and a lot of
subsequent work has built on it. Some work has explored the importance
of update mechanics, some on heuristics, and some has investigated
some of the following discoveries in network science that were outline in
chapter 1.

Regarding update mechanics, Nowak and May’s approach of simul-
taneously updating all nodes at once skewed results to the advantage of
cooperators [177], leading to recommendations of updating some fraction
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of nodes, rather than all (completely synchronous) or one at a time (com-
pletely asynchronous) [178]. For this reason, I update 10% of nodes in
each simulation step, unless otherwise noted (except figure 6.1 where I
used the same mechanism as Nowak and May).

Regarding the progress in network science, initial work showed BA
networks to appear very supportive of cooperation [179]. Much of
this was later found to stem from a combination of network type and
update mechanism. When update mechanisms take into account the sum
of payouts achieved by a given node, the hubs that are characteristic
of BA networks become hugely influential. Thus, if a hub begins to
cooperate, it is extremely reluctant to change its strategy, as all its connected
nodes will switch to cooperation, and will have little incentive to alter
their strategy from there, because their cooperation further increases
the total payout of the hub [180]. BA networks were also found to
be less accommodating to cooperators when a non-deterministic update
heuristic was employed [181]. For these reasons, I adopted a logit dynamic
approach [182], in which the probability of a node adopting a given strategy
is given by a Boltzmann-style function like the soft threshold models from
equation (4.4),

pi =
eβwi·x

Z
,

Z =
∑

j

eβw j·x,
(6.2)

where wi is a vector of parameter weights, and x is a state vector containing
information about payouts, the recent history of the game, etc.

There has been few attempts to model update heuristics from real
data, and they tend to result in update heuristics that are not sufficiently
sensitive to the payouts to adjacent nodes [183].

While realism seems to be the appeal for using BA networks in this
kind of simulations [179], I have not found any instances in the literature of
simulations run on networks build from real data. For this reason, I decided
to run simulations on a range of different networks, including artificial
BA networks, and real networks built from data from the SensibleDTU
dataset described in section 1.2.6. A comparison of simulations on the text
data network, and a BA network is shown in figure 6.2.

In addition to the fraction of nodes cooperating and defecting, figure 6.2
also shows a pairing measure, defined by observing the number of pairs of
adjacent nodes which both cooperate, computing the distribution of such
pairs in a random graph, and computing the Z-score, i.e. the difference
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Figure 6.2: Comparison of simulation results on an artificial BA network and a
network built from real data, in the form of the text data from the SensibleDTU
dataset.

between the two values divided by the standard deviation of the null,

Z =
nc−c − 〈nc−c〉

σnc−c

. (6.3)

6.3 Background
The aim of this section is to provide some context and background on the
interplay between language, especially the language of scientific theories,
and behavior and social norms. The former will be far from exhaustive,
but merely point to a few relevant areas of philosophy. The latter, however,
will summarize a specific definition of social norms on which subsequent
analyses will build.

6.3.1 Philosophical background

It is easy to inadvertently think of language, especially the language of
many disciplines within the natural sciences, as abstract representations
that constitute a one-to-one correspondence with a reality from which they
are entirely separate. Such models of language are known as referentialism.
Variants of referentialism, the nuances between which I won’t go into, can
be encountered as far back as Abelard in the 12th century [184] – with
Gottlob Frege’s Über Sinn und Bedeutung probably being the best known
example [185] – and was famously criticized by Wittgenstein [186].

This is reminiscent of Descartes’ dualism between res extensa, ‘the
extended thing’ and res cogitans, ‘the thinking thing’, the correspondence
between which he viewed as ensured by God [187]. Descartes also applied
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this distinction in his approach to science [188]. Werner Heisenberg has
suggested this is part of the reason for the general reluctance to accept the
observer effect in quantum mechanics, for example [189].

The common theme in the above is a view of language, especially the
language of science, as a kind of objective or dispassionate representation
which is not very involved with that which it represents. This perspective
has been attacked in numerous ways, the most interesting of which for
the present purpose is that of Foucault’s discourse analysis. Speaking in
very broad terms, Foucault’s approach consists of an analysis of the power
structures that govern, and benefit from, any mechanism that shapes
discourse [190]. This includes more obvious, large-scale mechanisms,
such as censorship laws, for example, but can also include any mechanism
that governs basically any form of interaction, examples of which include
class schedules, prison rules etc.

The connection to the topic at hand is that the construction of termi-
nologies and influencing their use is a powerful way to shape discourse.
Many examples probably immediately come to mind of terms which
appear to have been constructed with specific goals in mind. Some are
of an official nature, for example choosing the official name ‘Patriot Act’
for a controversial legislative bill allowing what many view as excessive
surveillance in the US. Others are not enforced in an official capacity
but become the only de facto acknowledged term due simply to seeing
widespread usage.

One example would be using ‘gap year’ to denote a year in between a
person’s high school and university educations which they may spend
working, traveling, further educating themselves, etc. This carries the
connotation that any time not spend pursuing a university degree is a sort
of void which then receives no attention (as it’s not called ‘work experience
year’, ‘exploration year’, etc). Even more egregious is the corresponding
Danish term ‘fjumreår’, which loosely translated means ‘a year of fooling
around’.

The relevance here is that science, economics in particular, is increas-
ingly being disseminated to a wider audience and in a more popular
form. This might involve proliferation of a discourse conflating rational
behavior with selfish/profit maximizing behavior. The aim of the work we
carried out on this topic was to model the interplay between the effects of
discourses as represented by various terminologies, and behavior, using
an evolutionary game theoretical framework.

6.3.2 Social norms
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Not all behaviors constitute social norms. As a precise definition of a
social norms, I will use Cristina Bicchieri’s definition [191], which I quote
in full in the following:

Definition 1 Let R be a behavioral rule for situations of type S, where S can
be represented as a mixed-motive game. We say that R is a social norm in a
population P if there exists a sufficiently large subset Pcf ⊆ P such that, for each
individual i ∈ Pcf

1 Contingency: i knows that a rule R exists and applies to situations of type
S;

2 Conditional preference: i prefers to conform to R in situations of type S on
the condition that:

(a) Empirical expectations: i believes that a sufficiently large subset of P
conforms to R in situations of type S;
and either

(b) Normative expectations: i believes that a sufficiently large subset of P
expects i to conform to R in situations of type S;
or

(b’) Normative expectations with sanctions: i believes that a sufficiently
large subset of P expects i to conform to R in situations of type S,
prefers i to conform, and may sanction behavior.

A social norm R is followed by population P if there exists a sufficiently large
subset P f ⊆ Pcf such that, for each individual i ∈ p f , conditions 2(a) and either
2(b) or 2(b’) are met for i and, as a result, i prefers to conform to R in situations
of type S.

In summary then, and neglecting (2b’) as that is not relevant to the
following, behavior may be said to constitute a social norm if and only
if there are people who are aware that the behavioral rule exists and is
applicable, and whose compliance with the rule is contingent on mutual
expectations – that they expect others to conform, and expect others to
expect them to conform in turn. The requirement of mutual expectations
eliminates behavior which is widespread but has no social character, like
eating, sleeping, etc.

It is important to note that while definition 1 has the character of a
logical proposition, many of its constituent parts might well be expected
to take on a more gradual nature in real world applications. For example,
it does not matter, in terms of pure logic, whether one of conditions
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(2a) and (2b), or both, are false, because the conjunction 2a ∧ 2b is false
in each case, and hence the definition is not satisfied. However, one
might expect different levels of compliance with the behavioral rule in
question when different of the conditions are satisfied. Indeed, researchers,
including Bicchieri herself, has investigated the effects on compliance of
varying conditions (2a) and (2b) independently, finding that compliance
is especially sensitive to the truth value of (2a) [192].

6.4 Effects of microeconomic language
This section summarizes the work that I carried out together with Kamilla
Buchter from the London School of Economics to investigate the effects of
the application of microeconomic language on cooperative behavior. This
work consists of three parts – investigating the influence of microeconomic
terminology on individual behavior, investigating the relation of any
induced behavioral changes to social norms, and finally to mathematically
model the observed behavioral patterns and use a network-based simula-
tion approach like that described in section 6.2, to simulate the collective
effects of such individual behaviors interacting in a network. All figures
in the following are from the aforementioned two unpublished papers.

6.4.1 Influence on behavior

To investigate the effects of terminology on behavior, we built an online
platform on which users could play 10 rounds of a PDG. When a user
logged on, they were randomly assigned a payout matrix in which T
took on a value in 2.1, 2.2, . . . 3.9 uniformly at random. The remaining
parameters were fixed as R = 2,P = 1,S = 0. Similarly, users had the game
explained to them in one of three possible ways. One was call individualist.
In this, decisions that maximize individual profits are called rational, and
users were made familiar with the notion of dominant strategies from
section 6.1 and required to apply it in a few test questions before proceeding
to play the game. Another version we called collectivist. This introduced
the notion of social optimality as defined in section 6.1, and referred to
decisions which contributed to a maximization of collective wealth as
optimal. Finally, some users were presented with a neutral version, which
introduced no such terms but instead asked control questions in which
users needed to deduce the actions of participants from hypothetical game
scenarios, to ensure a similar cognitive load. All users were told they
would play against a unique opponent in each round. The aim of this was
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to avoid them fearing direct reciprocation. In reality, users were playing
against the server, which played the two strategies uniformly at random
in each round for each player.

What the two former versions have in common, then, is that they
introduce a terminology which is non-neutral (calling an action ‘rational’
or ‘optimal’ carries a strong positive connotation), and requires users to
continually apply the term – following each of the 10 rounds, participants
were also required to describe a scenario using the terminology in question.

We found that the introduced terminologies significantly affected
people’s behavior in a PDG. Considering the total number of times par-
ticipants cooperated, introducing collectivist/individualist terminologies
significantly increased/decreased cooperation. While overall cooperation
rates decreased over the 10 rounds, the differences between the three
groups persisted throughout. These results are illustrated in figure 6.3.
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Figure 6.3: The influence of introducing value-laden terminologies on game
behavior. Left: the total number of times users cooperated when exposed to the
three different terminologies. Right: Said differences persist over time throughout
the 10 rounds users played.

6.4.2 Interaction with norms

Wanting to investigate whether the effects reported in section 6.4.1 were
related to social norms, we made a brief follow-up experiment. In this,
users were asked when choosing whether to defect or cooperate (a) which
move they anticipated from the other player, and (b) which move they
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thought the other player would anticipate from them. Questions a and b
were intended as proxies for the mutual expectations (empirical (2a) and
normative (2b), respectively) from section 6.3.2.

The result of the follow-up experiment was that the collectivist termi-
nology significantly increased both normative and empirical expectations.
When excluding participants with prior game theory experiment experi-
ence, there was a significant increase in normative expectations for both
individualist and collectivist terminologies.

These effects for each round are depicted in figure 6.4.
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Figure 6.4: Top row: The fraction of users choosing to cooperate and defect in
each of the 10 rounds. The dashed line shows data for all users regardless of their
expectations. The remaining lines partition users based on whether zero, at least
one, or both expectation criteria from section 6.3.2 were met. Compliance grows
with the number of criteria which are satisfied. Middle row: The difference in
the exhibition of the compliant behavior (cooperation for collectivist, defection
for individualists) when compared to neutral. For cooperation, there is a a clear
difference only when the expectation criteria are met. Bottom row: Shows the
same as the middle row, but depicts the corresponding Z-scores, with scores
outside the significance range shaded gray.

It appears then, that using a collectivist terminology can initialize
a social norm for cooperation, as the induced behavioral preference
for cooperation is contingent on normative and empirical expectations.



6.4. EFFECTS OF MICROECONOMIC LANGUAGE 87

Empirical expectations regarding a behavioral rule are heavily contingent
on whether one observes compliant behavior in others or not [192].
Therefore, one might expect the observed individual behavioral differences
to translate into a stronger emergent collective behavior when many agents
interact with each other. This is the subject of section 6.4.3.

6.4.3 Effects of networks

To allow comparison with the simulation literature as described in sec-
tion 6.2, I used simulations with a payout matrix of T = t,R = 1,P = S = 0,
and t varying over the [1, 2] range. I fitted three different logit dynamic
models, as described in section 6.2, to the sets of users that had engaged
with the three different terminologies. To account for the different pay-
out structures, I adjusted the bias terms by a constant such that the
neutral model (i.e. the model fitted to users having engaged with the
neutral terminology) had a bias of zero. Additional details on the models,
along with other candidate models that were tested, can be found in the
supplementary information to the paper on simulated behavior spreading.

To probe the influence of the terminologies in a network simulation,
I wanted to run simulations in which varying fractions of the agents
embedded in the network acted according to the different models. To do
this concisely, I defined a single parameter ρI, called the narrative parameter,
which determined the way models were assigned to nodes in the network.
Each node was assigned the individualist model with p = ρI and the
collectivist model with p = 1 − ρI.

The narrative parameter turned out to have a strong influence on the
emergent behavior. Varying the temptation to defect t across the whole
range of values in [1, 2] strongly decreased cooperation rates as one would
expect, but varying ρI across the full [0, 1] range drives the entire system
between states of complete cooperation and complete defection. This is
true for all types of networks, both real and artificial, that I ran simulations
on, and for many of them also true for all values of t, the only exception
being for high values of t in the relatively sparse SMS network. The
effects of varying the temptation to defect and the narrative parameters
are visualized in figure 6.5.
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Figure 6.5: Interplay between defection temptation t and narrative parameter ρI.
Left column: The fraction of simulations out of 10 in which all cooperators die out.
The difference between simulations using the extreme values of ρI is greater than
those for extreme values of t. Middle column: The fraction of nodes defecting in
the last 103 out of 104 iterations, as a function of t, for various values of ρI, which
are highlighted with dashed horizontal lines in the left column. Right column:
The fraction of nodes that defect as a function of time (i.e. number of iterations
into the simulation) for a single simulation. Each simulation is run with a single
value of t, which is shown with a dashed vertical line in the left column. The
different lines correspond to the same values of ρI as in the middle column, so
each line corresponds to an intersection between dashed lines in the left column.
The lines in the rightmost column have been smoothed with a Savitzky–Golay
filter to reduce noise.

6.5 Summary
The research presented in part II of the thesis evolved in somewhat chaotic
and unpredictable ways, and it feels slightly deceptive to force a coherent
narrative unto it all, as if pretending to have had complete providence
and having perceived a clear path ahead at all times. Nonetheless much
of the work does tie into a common theme, and it seems worthwhile to
summarize in broad strokes the results and their relation to each other.

As stated in the abstract, much of the work presented here can be
viewed as different approaches to understanding various dynamics of
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online discourse, such as echo chambers, selective media consumption,
etc. If I were to attempt to formulate a single question towards the answer
to which the work presented here might offer a few baby steps, it would be
something along the lines of ‘what are the implications of the increasing
digitalization of communities and interactions, and the corresponding
ability of humans to choose freely what to persue among a vast multitude
of social relations, communities, and information sources.’

The work on information contagion model relates then, to understand-
ing quantitatively how information and behavior spreads in online social
systems. The work on the online vaccine discourse presents a few tools
and techniques relevant to understanding and detecting whether highly
polarized debates are rooted in deep disagreements where partisan groups
rely on wholly incommensurable sources of information, and possibly
different vocabularies on which they base their views. Similarly, the work
on language and norms might be seen as highlighting the importance of
understanding the interplay between language and social structure.
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[62] Bonačić, A. M., Swaan, C., Wichmann, O., Kretzschmar, M. et al.
Effectiveness and timing of vaccination during school measles
outbreak. Emerging infectious diseases 18, 1405–1413 (2012).



96 BIBLIOGRAPHY

[63] Wallinga, J., Heijne, J. C. & Kretzschmar, M. A measles epidemic
threshold in a highly vaccinated population. PLoS Medicine 2, e316
(2005).

[64] Zhou, Y. & Liu, H. Stability of periodic solutions for an sis model
with pulse vaccination. Mathematical and Computer Modelling 38,
299–308 (2003).

[65] Lotka, A. J. Elements of physical biology. Science Progress in the
Twentieth Century (1919-1933) 21, 341–343 (1926).

[66] Volterra, V. Fluctuations in the abundance of a species considered
mathematically (1926).

[67] Zhu, C. & Yin, G. On competitive lotka–volterra model in random
environments. Journal of Mathematical Analysis and Applications 357,
154–170 (2009).

[68] Stauffer, D. & Aharony, A. Introduction to percolation theory (Taylor &
Francis, 2018).

[69] Sander, L., Warren, C., Sokolov, I., Simon, C. & Koopman, J. Per-
colation on heterogeneous networks as a model for epidemics.
Mathematical biosciences 180, 293–305 (2002).

[70] Christensen, K. Percolation theory. Imperial College London 1 (2002).

[71] Kesten, H. The critical probability of bond percolation on the square
lattice equals 1/2. Communications in mathematical physics 74, 41–59
(1980).

[72] Moore, C. & Newman, M. Epidemics and percolation in small-world
networks. Physical Review E (2000).

[73] Pietsch, W. Derivation of the percolation threshold for the network
model of Barabási and Albert. Physical Review E (2006).

[74] Ottino-Loffler, B., Scott, J. G. & Strogatz, S. H. Takeover times for a
simple model of network infection. bioRxiv (2017).

[75] Arenas, A., Borge-Holthoefer, J. & Meloni, S. Discrete-time Markov
chain approach to contact-based disease spreading in complex
networks. EPL (Europhysics (2010).



BIBLIOGRAPHY 97
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❥❻③❥r④①❥❧❞❢♣ ❥❽④⑥❥❧❦❥ ❞❤❢❞ ❞❤❥ ❦✈①③♣❥❻ ❦✈❧❞❢⑩④✈❧ ①✈⑥❥♣ ⑥❥❣❦r④t❥❣ ❞❤❥ ✈t❣❥r❽❥⑥ ④❧⑦✈r①❢⑧
❞④✈❧ ⑥④⑦⑦⑤❣④✈❧ t❥❤❢❽④✈r ①✈r❥ ❢❦❦⑤r❢❞❥♣q ❞❤❢❧ ❣④①③♣❥ ❦✈❧❞❢⑩④✈❧❸ ➈⑤❞⑤r❥ ❢③③♣④❦❢❞④✈❧❣ ✈⑦ ✈⑤r
r❥❣⑤♣❞❣ ④❧❦♣⑤⑥❥ ①✈r❥ ❥⑦⑦❥❦❞④❽❥ ⑥❥⑦❥❧❣❥❣ ❢⑩❢④❧❣❞ ①❢♣④❦④✈⑤❣ ③r✈③❢⑩❢❧⑥❢ ❦❢①③❢④⑩❧❣ ✈❧ ❣✈❦④❢♣
①❥⑥④❢⑨ ④①③r✈❽❥⑥ ①❢r➂❥❞④❧⑩ ❢❧⑥ ❢⑥❽❥r❞④❣❥①❥❧❞ ❣❞r❢❞❥⑩④❥❣⑨ ❢❧⑥ ⑥❥❣④⑩❧ ✈⑦ ❥⑦⑦❥❦❞④❽❥ ❧❥❞❷✈r➂
④❧❞❥r❽❥❧❞④✈❧ ❞❥❦❤❧④❺⑤❥❣❸

➉➊➋➌➍➎➏➐➋➑➍➊
➒➓➔ →➣↔↔↕➙➣➛➜ ➛↔ ➣➜↔➛➝➞➟➠➣➛➜ ➟➜→ ➣→➔➟➙ ➣➜ ➡➛➞➢➤➔➥ ➙➛➡➣➟➤ ➙➦➙➠➔➞➙ ➓➟➙ ↔➟➙➡➣➜➟➠➔→ ➠➓➔ ➝➔➙➔➟➝➡➓
➡➛➞➞↕➜➣➠➦ ↔➛➝ →➔➡➟→➔➙ ➧➨➩➫ ➒➓➔ ↔➣➝➙➠ ➢➝➛➢➛➙➟➤ ➠➛ ↕➙➔ ➔➢➣→➔➞➣➛➤➛➭➣➡➟➤ ➞➛→➔➤➙ ↔➛➝ ➠➓➔ ➟➜➟➤➦➙➣➙
➛↔ ➠➓➔ ➙➢➝➔➟→➣➜➭ ➛↔ ➣→➔➟➙ ➯➟➙ ➢↕➠ ↔➛➝➠➓ ➞➛➝➔ ➠➓➟➜ ↔➣↔➠➦ ➦➔➟➝➙ ➟➭➛ ➧➲➩➫ ➳↕➡➓ ➞➛→➔➤➙➵ ➯➓➔➝➔ ➔➟➡➓
➔➥➢➛➙↕➝➔ ➝➔➙↕➤➠➙ ➣➜ ➠➓➔ ➙➟➞➔ ➟→➛➢➠➣➛➜ ➢➝➛➸➟➸➣➤➣➠➦➵ ➟➝➔ ➝➔↔➔➝➝➔→ ➠➛ ➟➙ ✝✞✟✠✡☛ ☞✌✍✎✏✒✞✌✍ ➞➛→➔➤➙➫

➺➠ ➯➟➙ ➙↕➸➙➔➻↕➔➜➠➤➦ ➙↕➭➭➔➙➠➔→➵ ➓➛➯➔➼➔➝➵ ➠➓➟➠ ➞➛➝➔ ➡➛➞➢➤➔➥ ➔↔↔➔➡➠➙ ➞➣➭➓➠ ➡➛➞➔ ➣➜➠➛ ➢➤➟➦
➯➓➔➜ ➡➛➜➙➣→➔➝➣➜➭ ➠➓➔ ➙➢➝➔➟→ ➛↔ ➣→➔➟➙ ➝➟➠➓➔➝ ➠➓➟➜ →➣➙➔➟➙➔➙➫ ➽➛➝ ➔➥➟➞➢➤➔➵ ➙➛➞➔ ➢➔➛➢➤➔ ➠➔➜→ ➠➛
➙➠➛➢ ➙➓➟➝➣➜➭ ➣➜↔➛➝➞➟➠➣➛➜ ➠➓➔➦ ➡➛➜➙➣→➔➝ ➾➛➤→ ➜➔➯➙➚➵ ➯➓➣➤➔ ➛➠➓➔➝➙ ➝➔↔↕➙➔ ➠➛ ➔➜➭➟➭➔ ➣➜

➪✝➶✁➶◗� ➹ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➬➮➷➴❳✽❈✹✲✴✵✇❂✽✲✮✇❍➷●➱➷➱● ✁✮❂✻✮✿❏✮✹ ❅❅❁ ❅❍➷➮ ➷ ➴ ➷❅

➟➨➨➨➨➨➨➨➨➨➨
➟➨➨➨➨➨➨➨➨➨➨
➟➨➨➨➨➨➨➨➨➨➨
➟➨➨➨➨➨➨➨➨➨➨
➟➨➨➨➨➨➨➨➨➨➨

✓✔✕✖✗✘✘✕✙✙

✃❐❒❮❒❐❰ÏÐ Ñ✚ÒÓÔÕÖ ×Ø ÙÚÛÜÕ✛Ý✜ÓÞÜ ßØ àÕááÚáÚ âØ
ãÕäåÚÒÒ Ù æçèéêë âìÜÖÕÒíÕ îï íîåÛðÕñ íîÒÔÚòÜîÒ
îï ÜÒïîáåÚÔÜîÒ ÜÒ ÓîíÜÚð åÕÖÜÚó ôÒ ÕñÛÕáÜåÕÒÔ
õÓÜÒò ö÷ÜÔÔÕá øîÔÓù ßãîÙ úûâ éçæüëó Õèéýþéþýù
äÔÔÛÓóÿÿÖîÜùîáòÿéèùé✐êéÿ�îõáÒÚðùÛîÒÕùèéýþéþý
❊✁❐❒❰✂Ð❘ÕÒÚõÖ ãÚåøÜîÔÔÕØ❯ÒÜìÕáÓÜÔÝ îï úñïîáÖØ
❯û✄öâ☎ ❑✄û✆☎úÑ
✝✞✟✞❐✠✞✁Ð ÑÚÝ ✐Ø çèéê
❆✟✟✞✡❒✞✁Ð ôõòõÓÔ éýØ çèéê
P☛☞✌❐✍✎✞✁Ð ÙÕÛÔÕåøÕá ççØ çèéê
✃❰✡❈✂❐✏✎❒Ð✢ çèéêÑ✚ÒÓÔÕÖ ÕÔ Úðù öäÜÓ ÜÓ ÚÒ îÛÕÒ
ÚííÕÓÓ ÚáÔÜíðÕ ÖÜÓÔáÜøõÔÕÖ õÒÖÕá ÔäÕ ÔÕáåÓ îï ÔäÕ
✑áÕÚÔÜìÕ ✑îååîÒÓ ôÔÔáÜøõÔÜîÒ ãÜíÕÒÓÕØ ÷äÜíä
ÛÕáåÜÔÓ õÒáÕÓÔáÜíÔÕÖ õÓÕØ ÖÜÓÔáÜøõÔÜîÒØ ÚÒÖ
áÕÛáîÖõíÔÜîÒ ÜÒ ÚÒÝåÕÖÜõåØ ÛáîìÜÖÕÖ ÔäÕ îáÜòÜÒÚð
ÚõÔäîá ÚÒÖ ÓîõáíÕ ÚáÕ íáÕÖÜÔÕÖù
❉❮❒❮ ❆✠❮❐✌❮☞❐✌❐❒❈ ❙❒❮❒✞✒✞Ï❒Ð☎ÚÔÚ íÚÒÒîÔ øÕåÚÖÕ
ÛõøðÜíðÝ ÚìÚÜðÚøðÕ ÖõÕ Ôî ÛáÜìÚíÝ íîÒíÕáÒÓù àîá ÖÚÔÚ
ÚííÕÓÓ ÛðÕÚÓÕ íîÒÔÚíÔ ✑îÛÕÒäÚòÕÒ ✑ÕÒÔÕá ïîá
ÙîíÜÚð☎ÚÔÚ ÙíÜÕÒíÕ æÓîÖÚÓùÞõùÖÞëØ îá ÔäÕ
íîááÕÓÛîÒÖÜÒò ÚõÔäîáó ÙõÒÕ ãÕäåÚÒÒù
❋☛Ï✁❐Ï✏Ð öäÜÓ ÷îáÞ ÷ÚÓ ïõÒÖÕÖ øÝ ÔäÕ☎ÚÒÜÓä
✑îõÒíÜð ïîá ✄ÒÖÕÛÕÒÖÕÒÔ ❘ÕÓÕÚáíä æäÔÔÛóÿÿõïåùÖÞÿ
ïîáÓÞÒÜÒò❢îò❢ÜÒÒîìÚÔÜîÒÿáÚÖ❢îò❢õÖìÚðòÿÖÕÔ❢ïáÜÕ❢
ïîáÓÞÒÜÒòÓáÚÖëØ òáÚÒÔ ÒõåøÕá þéýþ❢èè✹✹✓Úù öäÕ
ïõÒÖÕáÓ äÚÖ Òî áîðÕ ÜÒ ÓÔõÖÝ ÖÕÓÜòÒØ ÖÚÔÚ íîððÕíÔÜîÒ
ÚÒÖ ÚÒÚðÝÓÜÓØ ÖÕíÜÓÜîÒ Ôî ÛõøðÜÓäØ îá ÛáÕÛÚáÚÔÜîÒ îï
ÔäÕåÚÒõÓíáÜÛÔù



→➣➙➡↕➙➙➣➛➜➙ ➛➝ ➙➓➟➝➣➜➭ ➡➔➝➠➟➣➜ ➛➢➣➜➣➛➜➙ ➠➓➔➦ →➛ ➜➛➠ ➟➭➝➔➔ ➯➣➠➓ ➧✸➧✺➩➫ ➳↕➡➓ ➞➛→➔➤➙➵ ➣➜ ➯➓➣➡➓
➟→➛➢➠➣➛➜ ➢➝➛➸➟➸➣➤➣➠➣➔➙ ➣➜➙➠➔➟→ →➔➢➔➜→ ➙➠➝➛➜➭➤➦ ➛➜ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➟→➛➢➠➔➝➙ ➣➜ ➟ ➢➔➝➙➛➜♣➙ ➙➛➡➣➟➤
➼➣➡➣➜➣➠➦ ➣➜ ➟ ➯➟➦ ➯➓➔➝➔ ➔➥➢➛➙↕➝➔ ➟➠➠➔➞➢➠➙ ➡➟➜➜➛➠ ➸➔ ➼➣➔➯➔→ ➟➙ ➣➜→➔➢➔➜→➔➜➠➵ ➟➝➔ ➝➔↔➔➝➝➔→ ➠➛ ➟➙
☞✌✟✠✡☛✌ ☞✌✍✎✏✒✞✌✍ ➧✻➩ ➞➛→➔➤➙➫ ❈➛➜➡➝➔➠➔➤➦➵ ➯➔ ↕➙➔ ➟ ➠➓➝➔➙➓➛➤→ ➡➛➞➢➤➔➥ ➡➛➜➠➟➭➣➛➜ ➞➛→➔➤➵ ➣➜
➯➓➣➡➓ ➠➓➔ ➟→➛➢➠➣➛➜ ➢➝➛➸➟➸➣➤➣➠➦ ➣➙ ➟➙➙↕➞➔→ ➠➛ ➣➜➡➝➔➟➙➔ ➙➤➛➯➤➦ ↔➛➝ ➤➛➯ ➜↕➞➸➔➝ ➛↔ ↕➜➣➻↕➔ ➔➥➢➛❡
➙↕➝➔ ➙➛↕➝➡➔➙➵ ➠➓➔➜ ➣➜➡➝➔➟➙➔ ➝➔➤➟➠➣➼➔➤➦ ➻↕➣➡q➤➦ ➯➓➔➜ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➙➛↕➝➡➔➙ ➟➢➢➝➛➟➡➓➔➙ ➙➛➞➔
➠➓➝➔➙➓➛➤→ ➤➔➼➔➤ ✭➙➔➔ ❵�➛→➔➤➙♣ ↔➛➝ ↔↕➤➤ →➔➠➟➣➤➙❞➫

➒➓➔ ➝➛➤➔ ➛↔ ➡➛➜➠➟➭➣➛➜ ➣➜ ➠➓➔ ➙➢➝➔➟→➣➜➭ ➛↔ ➣➜↔➛➝➞➟➠➣➛➜ ➟➜→ ➸➔➓➟➼➣➛➝➙ ➣➜ ✭➠➔➡➓➜➛❡❞➙➛➡➣➟➤ ➜➔➠❡
➯➛➝q➙ ➣➙ ➜➛➯ ➯➣→➔➤➦ ➙➠↕→➣➔→ ➣➜ ➡➛➞➢↕➠➟➠➣➛➜➟➤ ➙➛➡➣➟➤ ➙➡➣➔➜➡➔ ➧✼➧➨✶➩➵ ➯➣➠➓ ➟➢➢➤➣➡➟➠➣➛➜➙ ➝➟➜➭➣➜➭
↔➝➛➞ ➢↕➸➤➣➡ ➓➔➟➤➠➓ ➧➲✷➩ ➠➛ ➜➟➠➣➛➜➟➤ ➙➔➡↕➝➣➠➦ ➧➲➨➩➫ ➒➓➔ ➼➟➙➠ ➞➟♠➛➝➣➠➦ ➛↔ ➠➓➔➙➔ ➙➠↕→➣➔➙ ➟➝➔➵ ➓➛➯❡

➔➼➔➝➵ ➔➣➠➓➔➝ ➛➸➙➔➝➼➟➠➣➛➜➟➤➵ ➟➜→ ➠➓➔➝➔↔➛➝➔ ➢➝➛➜➔ ➠➛ ➸➣➟➙➔➙ ➣➜➠➝➛→↕➡➔→ ➸➦ ➡➛➜↔➛↕➜→➣➜➭ ↔➟➡➠➛➝➙
✭➜➔➠➯➛➝q ➔↔↔➔➡➠➙➵ ➡➛➭➜➣➠➣➼➔ ➤➣➞➣➠➙➵ ➔➠➡➫❞➵ ➛➝ ➔➜➠➟➣➤ ➡➛➜➠➝➛➤➤➔→ ➔➥➢➔➝➣➞➔➜➠➙ ➡➛➜→↕➡➠➔→ ➛➜➤➦ ➛➜
➙➞➟➤➤ ➢➛➢↕➤➟➠➣➛➜➙ ➛↔ ➟ ↔➔➯ →➛✁➔➜➙ ➣➜→➣➼➣→↕➟➤➙ ➧✻➵ ✼➩➫ ➒➛ →➟➠➔➵ ➠➓➔➙➔ ➤➣➞➣➠➟➠➣➛➜➙ ➓➟➼➔ ➢➝➔➼➔➜➠➔→
➠➓➔ ➝➔➙➔➟➝➡➓ ➡➛➞➞↕➜➣➠➦ ↔➝➛➞ →➝➟➯➣➜➭ ➟ ➡➛➜➡➤↕➙➣➼➔ ➟➜➙➯➔➝ ➟➙ ➠➛ ➠➓➔ ➝➛➤➔ ➛↔ ➙➣➞➢➤➔ ➟➜→ ➡➛➞❡

➢➤➔➥ ➣➜↔➛➝➞➟➠➣➛➜ ➡➛➜➠➟➭➣➛➜ →➦➜➟➞➣➡➙ ➟➠ ➙➡➟➤➔➫
➺➜ ➠➓➣➙ ➢➟➢➔➝ ➯➔ ➙➓➔→ ➜➔➯ ➤➣➭➓➠ ➛➜ ➠➓➔ ➜➟➠↕➝➔ ➛↔ ➣➜↔➛➝➞➟➠➣➛➜ →➣↔↔↕➙➣➛➜ ↕➙➣➜➭ ➟ ➤➟➝➭➔❡➙➡➟➤➔

➔➥➢➔➝➣➞➔➜➠ ➛➜ ➒➯➣➠➠➔➝➵ ➣➜ ➯➓➣➡➓ ➯➔ ➙➠↕→➦ ➠➓➔ ➙➢➝➔➟→➣➜➭ ➛↔ ➓➟➙➓➠➟➭➙ ➯➣➠➓➣➜ ➟ ➡➛➜➠➝➛➤➤➔→ ➔➜➼➣❡
➝➛➜➞➔➜➠➫ ❈➝➔➟➠➣➜➭ ➟ ➡➛➜➠➝➛➤➤➔→ ➔➜➼➣➝➛➜➞➔➜➠ ↔➛➝ ➔➥➢➔➝➣➞➔➜➠➙ ➯➣➠➓➣➜ ➛➜➤➣➜➔ ➢➤➟➠↔➛➝➞➙ ➣➙ ➔➙➢➔❡
➡➣➟➤➤➦ ➡➓➟➤➤➔➜➭➣➜➭ ↔➛➝ ➝➔➙➔➟➝➡➓➔➝➙ ➠➓➟➠ →➛ ➜➛➠ ➓➟➼➔ ➟➡➡➔➙➙ ➠➛ ➠➓➔ ➙➦➙➠➔➞♣➙ →➔➙➣➭➜ ➣➠➙➔➤↔➵ ➟➙
➠➝➟→➣➠➣➛➜➟➤ ➠➔➡➓➜➣➻↕➔➙ ➙↕➡➓ ➟➙ ❆✂✄ ➠➔➙➠➣➜➭ ➡➟➜➜➛➠ ➸➔ ➔➞➢➤➛➦➔→➫ ❊➼➔➜ ↔➛➝ ➙➔➝➼➣➡➔ ➢➝➛➼➣→➔➝➙ ➤➣q➔
➽➟➡➔➸➛➛q➵ ➔➠➓➣➡➟➤ ➡➛➜➡➔➝➜➙ ➔➞➔➝➭➔→ ➯➓➔➜ ➝➟➜→➛➞ ➡➛➜➠➝➛➤ ➠➝➣➟➤➙ ➯➔➝➔ ➡➟➝➝➣➔→ ➛↕➠ ➯➣➠➓➛↕➠
➝➔➼➣➔➯ ➸➛➟➝→ ➟➢➢➝➛➼➟➤ ➧➨✺➩➫

➽➛➝ ➠➓➣➙ ➔➥➢➔➝➣➞➔➜➠➵ ➯➔ ➤➔➼➔➝➟➭➔→ ➟➤➭➛➝➣➠➓➞❡→➝➣➼➔➜ ➒➯➣➠➠➔➝ ➟➡➡➛↕➜➠➙ ✭➙➛➡➣➟➤ ➸➛➠➙❞ ➧➲➲➩➫❲➔
➓➟→ ➢➝➔➼➣➛↕➙➤➦ ➙➓➛➯➜ ➠➓➟➠ ➟ ➡➛➛➝→➣➜➟➠➔→ ➜➔➠➯➛➝q ➛↔ ➒➯➣➠➠➔➝ ➸➛➠➙ ➡➟➜ ➸➔ ➔↔↔➔➡➠➣➼➔ ➣➜ ➣➜↔➤↕➔➜➡❡
➣➜➭ ➠➝➔➜→➣➜➭ ➠➛➢➣➡➙ ➛➜ ➒➯➣➠➠➔➝ ➧➲✸➩➫ ➒➓➣➙ ➙➠↕→➦ ➣➙ ➟ ↔➛➤➤➛➯❡↕➢ ➔➥➢➔➝➣➞➔➜➠ →➔➙➣➭➜➔→ ➠➛ ➻↕➟➜➠➣➠➟❡
➠➣➼➔➤➦ ➣➜➼➔➙➠➣➭➟➠➔ ➓➛➯ ↕➙➔➝➙ ➝➔➟➡➠ ➠➛ ➣➜↔➛➝➞➟➠➣➛➜ ➙➠➣➞↕➤➣ ➢➝➔➙➔➜➠➔→ ➸➦ ➙➣➜➭➤➔ ➛➝ ➞↕➤➠➣➢➤➔
➙➛↕➝➡➔➙➫ ➺➜ ➢➟➝➠➣➡↕➤➟➝➵ ↔➛➝ ➠➓➣➙ ➔➥➢➔➝➣➞➔➜➠➵ ➠➔➟➞➙ ➛↔ ➙➠↕→➔➜➠➙ ↔➝➛➞ ➠➓➔ ➒➔➡➓➜➣➡➟➤ ❯➜➣➼➔➝➙➣➠➦ ➛↔
❉➔➜➞➟➝q ✭❉➒❯❞ ➯➛➝q➔→ ➠➛➭➔➠➓➔➝ ➠➛ ➡➝➔➟➠➔ ➟ ➜➔➠➯➛➝q ➛↔ ➒➯➣➠➠➔➝ ➸➛➠➙ ✭➟ ➸➛➠➜➔➠❞ →➔➙➣➭➜➔→ ➠➛
➟➠➠➝➟➡➠ ➟ ➤➟➝➭➔ ➜↕➞➸➔➝ ➛↔ ➓↕➞➟➜ ↔➛➤➤➛➯➔➝➙➫ ❲➔ ➢➝➛➭➝➟➞➞➔→ ➠➓➔ ➸➛➠➙ ➠➛ ➙➢➝➔➟→ ➒➯➣➠➠➔➝ ➓➟➙➓❡
➠➟➭➙ ✭➙➔➔ ➒➟➸➤➔ ➨❞ ➣➜ ➟ ➙➦➜➡➓➝➛➜➣✁➔→ ➞➟➜➜➔➝ ➟➞➛➜➭ ➟ ➙➔➠ ➛↔ ➝➔➟➤ ➒➯➣➠➠➔➝ ↕➙➔➝➙ ↔➝➛➞ ➟ ➙➔➤➔➡➠➔→
➭➔➛➭➝➟➢➓➣➡➟➤ ➟➝➔➟➫ ❆ ➤➟➝➭➔ ➜↕➞➸➔➝ ➛↔ ↕➙➔➝➙ ➣➜ ➛↕➝ ➠➟➝➭➔➠ →➟➠➟➙➔➠ ↔➛➤➤➛➯➔→ ➛➜➔ ➛➝ ➞↕➤➠➣➢➤➔ ➸➛➠➙
✭➳➔➔ ➽➣➭ ➨✄❞➵ ➯➓➣➡➓ ➟➤➤➛➯➔→ ↕➙ ➠➛ ➙➠↕→➦ ➠➓➔ ➔↔↔➔➡➠ ➛↔ ➞↕➤➠➣➢➤➔ ➔➥➢➛➙↕➝➔➙ ↔➝➛➞ →➣➙➠➣➜➡➠ ➙➛↕➝➡➔➙
➛➜ ➣➜↔➛➝➞➟➠➣➛➜ ➡➛➜➠➟➭➣➛➜➫

➒➓➔ →➔➡➣➙➣➛➜ ➠➛ ↕➙➔ ➒➯➣➠➠➔➝ ➸➛➠➙ ➠➛ ➢➔➝↔➛➝➞ ➡➛➛➝→➣➜➟➠➔→ ➣➜➠➔➝➼➔➜➠➣➛➜➙ ➓➟➙ ➙➔➼➔➝➟➤ ➟→➼➟➜❡
➠➟➭➔➙t ↔➣➝➙➠➵ ➯➔ ➟➝➔ ➟➸➤➔ ➠➛ ➔➜➙↕➝➔ ➠➓➟➠ ➠➓➔ ➓➟➙➓➠➟➭➙ ➯➔ ➣➜➠➝➛→↕➡➔ ➟➝➔ ➜➔➯ ➠➛ ➒➯➣➠➠➔➝➵ ➟➜→ ➠➓➔➝➔❡
↔➛➝➔ ➠➓➟➠ ➠➓➔➦ ➟➝➔ ➙➔➔➜ ➸➦ ➠➓➔ ➠➟➝➭➔➠ ↕➙➔➝➙ ↔➛➝ ➠➓➔ ↔➣➝➙➠ ➠➣➞➔ ➯➓➔➜ ➯➔ ➢➔➝↔➛➝➞ ➔➥➢➔➝➣➞➔➜➠➙➫
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➳➔➡➛➜→➵ ➣➠ ➔➜➟➸➤➔➙ ➠➓➔ ➸➛➠➙ ➠➛ ➯➛➝q ➠➛➭➔➠➓➔➝ ➠➛ ➔➥➢➛➙➔ ↕➙➔➝➙ ➠➛ ➔➟➡➓ ➣➜➠➔➝➼➔➜➠➣➛➜ ➞↕➤➠➣➢➤➔
➠➣➞➔➙➫ ➽➣➜➟➤➤➦➵ ➠➓➔ ➒➯➣➠➠➔➝ ➸➛➠➜➔➠ ➞➣➠➣➭➟➠➔➙ ➠➓➔ ➡➛➜↔➛↕➜→➣➜➭ ➔↔↔➔➡➠➙ ➛↔ ➓➛➞➛➢➓➣➤➦ ➧➲✷➧➲✻➩➫ ➽➛➝
➔➥➟➞➢➤➔➵ ➯➓➔➜ ➡➛➜→↕➡➠➣➜➭ ➟ ➢↕➝➔➤➦ ➛➸➙➔➝➼➟➠➣➛➜➟➤ ➙➠↕→➦➵ ➣➠ ➣➙ ➟ ↔↕➜→➟➞➔➜➠➟➤ ➢➝➛➸➤➔➞ ➠➛ →➣➙➠➣➜❡
➭↕➣➙➓ ➯➓➔➠➓➔➝ ➟ ↕➙➔➝ ➣➙ ➞➛➝➔ ➤➣q➔➤➦ ➠➛ ➟→➛➢➠ ➣➜↔➛➝➞➟➠➣➛➜ ➙➓➟➝➔→ ➸➦ ➞➟➜➦ ➛↔ ➠➓➔➣➝ ↔➝➣➔➜→➙
➸➔➡➟↕➙➔ ➠➓➔➦ ➟➝➔ ➣➜↔➤↕➔➜➡➔→ ➸➦ ➠➓➔➣➝ ↔➝➣➔➜→➙ ➙➓➟➝➣➜➭ ➠➓➔ ➡➛➜➠➔➜➠➵ ➛➝ ➙➣➞➢➤➦ ➸➔➡➟↕➙➔ ↔➝➣➔➜→➙
➠➔➜→ ➠➛ ➸➔ ➙➣➞➣➤➟➝➵ ➙➛ ➟➜➦➠➓➣➜➭ ➠➯➔➔➠➔→ ➙➓➟➝➔→ ➸➦ ➠➓➔ ↕➙➔➝♣➙ ↔➝➣➔➜→➙ ➣➙ ➞➛➝➔ ➤➣q➔➤➦ ➠➛ ➸➔ ➛↔ ➣➜➠➔➝❡
➔➙➠ ➠➛ ➠➓➔ ↕➙➔➝➫

➺➜ ➠➓➔ ➝➔➞➟➣➜→➔➝ ➛↔ ➠➓➔ ➢➟➢➔➝ ➯➔ ➯➣➤➤ →➣➙➡↕➙➙ ➠➓➔ ➔➥➢➔➝➣➞➔➜➠➟➤ ↔➝➟➞➔➯➛➝q →➔➙➣➭➜ ➣➜ →➔➠➟➣➤➵
➠➓➔➜ ➢➝➔➙➔➜➠ ➠➯➛ ➙➠➟➠➣➙➠➣➡➟➤ ➞➛→➔➤➙ ↔➛➝ ➙➣➞➢➤➔ ➟➜→ ➡➛➞➢➤➔➥ ➡➛➜➠➟➭➣➛➜➵ →➔➼➔➤➛➢➔→ ➣➜ ➛➝→➔➝ ➠➛
➔➼➟➤↕➟➠➔ ➠➓➔ ➠➯➛ ➡➛➞➢➔➠➣➜➭ ➓➦➢➛➠➓➔➙➔➙➵ ➟➜→ ↔➣➜➟➤➤➦ ➙➓➛➯ ➠➓➔ ➝➔➙↕➤➠➙ ➛↔ ➠➓➔ ➔➥➢➔➝➣➞➔➜➠➟➤
➔➼➟➤↕➟➠➣➛➜➫

❘�✁➏✂➋✁
❉✄☎✆✝✞✟✠✡ t☛✄ ❜✝t✠✄t☞ ❈➝➔➟➠➣➜➭ ➟ ➸➛➠➜➔➠ ➯➣➠➓ ➟ ➤➟➝➭➔ ➜↕➞➸➔➝ ➛↔ ↔➛➤➤➛➯➔➝➙ ➯➣➠➓ ➟ ➜➔➠➯➛➝q
➙➠➝↕➡➠↕➝➔ ➙↕➣➠➔→ ↔➛➝ ➠➔➙➠➣➜➭ ➛↕➝ ➓➦➢➛➠➓➔➙➔➙ ➢➝➔➙➔➜➠➔→ ➙➔➼➔➝➟➤ ➡➓➟➤➤➔➜➭➔➙ ➯➓➣➡➓ ➟➝➔ →➔➙➡➝➣➸➔→
➸➔➤➛➯➫

❲➔ ➸➔➭➟➜ ➸➦ ➔➜➙↕➝➣➜➭ ➠➓➟➠ ➠➓➔ ➸➛➠➙ ➯➛↕➤→ ➟➢➢➔➟➝ ➠➛ ➸➔ ➓↕➞➟➜❡➤➣q➔ ➣↔ ➙↕➸♠➔➡➠➔→ ➠➛ ➟ ➡↕➝➙➛➝➦
➣➜➙➢➔➡➠➣➛➜➫❲➔ ➟➡➓➣➔➼➔→ ➠➓➣➙ ➭➛➟➤ ➸➦ ➓➟➼➣➜➭ ➠➓➔ ➸➛➠➙ ➭➔➜➔➝➟➠➔ ➡➛➜➠➔➜➠ ↕➙➣➜➭ ➙➣➞➢➤➔ ➜➟➠↕➝➟➤ ➤➟➜❡
➭↕➟➭➔ ➢➝➛➡➔➙➙➣➜➭ ➝↕➤➔➙ ➟➙ ➯➔➤➤ ➟➙ ❵➝➔➡➦➡➤➣➜➭♣ ➢➛➢↕➤➟➝ ➡➛➜➠➔➜➠ ↔➝➛➞ ➛➠➓➔➝ ➒➯➣➠➠➔➝ ↕➙➔➝➙➫ ❲➔ ➟➤➙➛
➓➟→ ➠➓➔ ➸➛➠➙ ➠➯➔➔➠ ➟➠ ➣➝➝➔➭↕➤➟➝ ➣➜➠➔➝➼➟➤➙➵ ➸↕➠ ➯➣➠➓ ↔➝➔➻↕➔➜➡➣➔➙ ➙➔➠ ➟➡➡➛➝→➣➜➭ ➠➛ ➟ ➡➣➝➡➟→➣➟➜ ➢➟➠❡
➠➔➝➜➫ ➽➣➜➟➤➤➦➵ ➯➔ ↕➙➔→ ➙➛➞➔ ➒➯➣➠➠➔➝ ↕➙➔➝➙♣ ➠➔➜→➔➜➡➦ ➠➛ ➝➔➡➣➢➝➛➡➟➠➔ ↔➝➣➔➜→➙➓➣➢➙ ➠➛ ➔➜➙↕➝➔ ➠➓➟➠
➠➓➔ ➸➛➠➙ ➯➔➝➔ ↔➛➤➤➛➯➔→ ➸➦ ➟ ➤➟➝➭➔ ➜↕➞➸➔➝ ➛↔ ➟➡➡➛↕➜➠➙ ➯➓➣➤➔ ➠➓➔➞➙➔➤➼➔➙ ↔➛➤➤➛➯➣➜➭ ➛➜➤➦ ➟ ↔➔➯❢ ➟
↔➛➤➤➛➯➣➜➭✂↔➛➤➤➛➯➔➝ ➝➟➠➣➛ ➞↕➡➓ ➙➞➟➤➤➔➝ ➠➓➟➜ ➛➜➔ ➣➙ ↕➜↕➙↕➟➤ ➣➜ ➠➦➢➣➡➟➤ ➠➯➣➠➠➔➝ ➸➛➠➙➫ ➒➓➔ ↔↕➤➤ ➸➛➠❡
➜➔➠ ➡➛➜➙➣➙➠➔→ ➛↔ ✸✶ ➟➤➭➛➝➣➠➓➞➣➡➟➤➤➦ →➝➣➼➔➜ ➒➯➣➠➠➔➝ ➟➡➡➛↕➜➠➙➫ ➳➔➔ ❵�➟➠➔➝➣➟➤➙ ➟➜→�➔➠➓➛→➙♣ ↔➛➝
↔↕➤➤ →➔➠➟➣➤➙ ➛➜ ➸➛➠➜➔➠❡➡➝➔➟➠➣➛➜➫

❖➜➡➔ ➯➔ ➓➟→ ➔➙➠➟➸➤➣➙➓➔→ ➠➓➔ ➸➛➠➜➔➠➵ ➯➔ ↔➛➡↕➙➔→ ➛➜ ➔➙➠➟➸➤➣➙➓➣➜➭ ➟ ➜➔➠➯➛➝q ➙➠➝↕➡➠↕➝➔ ➠➓➟➠
➯➛↕➤→ ➟➤➤➛➯ ↔➛➝ ➣➜➼➔➙➠➣➭➟➠➣➜➭ ➠➓➔ ➞➔➡➓➟➜➣➙➞ →➝➣➼➣➜➭ ➡➛➜➠➟➭➣➛➜ ➢➝➛➡➔➙➙➔➙➫❖↕➝ ➙➠➝➟➠➔➭➦ ➯➟➙
➙➣➞➢➤➔t ❲➓➔➜➔➼➔➝ ➟ ↕➙➔➝ ↔➛➤➤➛➯➔→ ➛➜➔ ➛↔ ➛↕➝ ➸➛➠➙➵ ➠➓➔ ➺❉ ➛↔ ➠➓➣➙ ↕➙➔➝ ➯➟➙ ➟↕➠➛➞➟➠➣➡➟➤➤➦ ➡➛➞❡

➞↕➜➣➡➟➠➔→ ➠➛ ➠➓➔ ➝➔➞➟➣➜➣➜➭ ➸➛➠➙➵ ➯➓➣➡➓ ➠➓➔➜ ➟➤➙➛ ➟➠➠➔➞➢➠➔→ ➠➛ ➭➔➠ ➠➓➟➠ ↕➙➔➝ ➠➛ ↔➛➤➤➛➯ ➠➓➔➞➫
➒➓➣➙ ➙➠➝➟➠➔➭➦ ➝➔➙↕➤➠➔→ ➣➜ ➟ ➸➛➠➜➔➠ ↔➛➤➤➛➯➔→ ➸➦ ➟ ➤➟➝➭➔ ➜↕➞➸➔➝ ➛↔ ➓↕➞➟➜ ↕➙➔➝➙ ✭➟➝➛↕➜→ ➲✺ ✷✷✷

➠➛➠➟➤ ↔➛➤➤➛➯➔➝➙ ➟ ➠➓➔ ➠➣➞➔ ➛↔ ➣➜➠➔➝➼➔➜➠➣➛➜➙❞➵ ➣➜ ➯➓➣➡➓ ➟ ➤➟➝➭➔ ↕➙➔➝➙ ↔➛➤➤➛➯➔→ ➞↕➤➠➣➢➤➔ ➸➛➠➙➵ ➟➤➤➛➯❡

➣➜➭ ↕➙ ➠➛ ➠➔➙➠ ➠➓➔ ➔↔↔➔➡➠➙ ➛↔ ➞↕➤➠➣➢➤➔ ➔➥➢➛➙↕➝➔➙ ➠➛ ➣➜↔➛➝➞➟➠➣➛➜➫ ➽➣➭ ➨❆ ➙➓➛➯➙ ➠➓➔ ➠➛➠➟➤ ➜↕➞➸➔➝
➛↔ ↔➛➤➤➛➯➔➝➙ ➟➙ ➟ ↔↕➜➡➠➣➛➜ ➛↔ ➠➣➞➔➵ ➯➓➣➤➔ ➽➣➭ ➨✄ →➣➙➢➤➟➦➙ ➠➓➔ →➣➙➠➝➣➸↕➠➣➛➜ ➛↔ ↕➙➔➝➙ ↔➛➤➤➛➯➣➜➭ ✍
➸➛➠➙➫❍➟➼➣➜➭ ➛➸➠➟➣➜➔→ ➟ ➸➛➠➜➔➠ ➯➣➠➓ ➟ ➤➟➝➭➔ ➜↕➞➸➔➝ ➛↔ ↔➛➤➤➛➯➔➝➙ ➟➜→ ➟ →➔➙➣➝➟➸➤➔ ➜➔➠➯➛➝q ➙➠➝↕➡❡
➠↕➝➔➵ ➠➓➔ ➸➛➠➙ ➢➔➝↔➛➝➞➔→ ➟ ➙➔➝➣➔➙ ➛↔ ➡➛➛➝→➣➜➟➠➔→ ➣➜➠➔➝➼➔➜➠➣➛➜➙➵ →➔➙➡➝➣➸➔→ ➣➜ ➠➓➔ ↔➛➤➤➛➯➣➜➭➫
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➒➓➔ ➭➔➜➔➝➟➤ ➣➜➠➔➝➼➔➜➠➣➛➜ ➙➠➝➟➠➔➭➦ ➣➞➢➤➔➞➔➜➠➔→ ➸➦ ➠➓➔ ➸➛➠➙ ↔➛➤➤➛➯➙t

➨➫ ❊➟➡➓ ➸➛➠ ➠➯➔➔➠➙ ➲ ➛➝➣➭➣➜➟➤ ➠➯➔➔➠➙ ➟➸➛↕➠ ➟ ➭➣➼➔➜ ★➓➟➙➓➠➟➭❢

➲➫ ❊➟➡➓ ➸➛➠ ➝➔➠➯➔➔➠➙ ➠➓➔ ↔➣➝➙➠ ✷ ➠➯➔➔➠➙ ➟➸➛↕➠ ➠➓➟➠ ★➓➟➙➓➠➟➭❢

✸➫ ❊➟➡➓ ➸➛➠ ➝➔➠➯➔➔➠➙ ➨✺ ➠➯➔➔➠➙ ➡➛➜➠➟➣➜➣➜➭ ➠➓➟➠ ★➓➟➙➓➠➟➭ ➠➓➟➠ →➛ ➜➛➠ ➛➝➣➭➣➜➟➠➔ ↔➝➛➞ ➛➠➓➔➝ ➸➛➠➙❢

✷➫ ❊➟➡➓ ➸➛➠ ↔➟➼➛➝➣➠➔➙ ➟➤➤ ➠➯➔➔➠➙ ➟➸➛↕➠ ➠➓➔ ➭➣➼➔➜ ★➓➟➙➓➠➟➭➫

➳➠➔➢ ➨ ➛↔ ➠➓➣➙ ➢➝➛➠➛➡➛➤ ➯➟➙ ➸➟➙➔→ ➛➜ ➓↕➞➟➜❡➭➔➜➔➝➟➠➔→ ➠➯➔➔➠➙❢ ➠➓➣➙ ➟➤➤➛➯➔→ ➙➠↕→➔➜➠➙ ➠➛ ➡➝➔❡
➟➠➔ ➡➛➜➠➔➜➠ →➔➙➣➭➜➔→ ➠➛ ➣➜➡➝➔➟➙➔→ ➠➓➔ ➤➣q➔➤➣➓➛➛→ ➛↔ ➟→➛➢➠➣➛➜➫ ➺➜ ➛➝→➔➝ ➠➛ ➟➼➛➣→ ➠➓➔ ➡➛➜↔➛↕➜→❡
➣➜➭ ➔↔↔➔➡➠ ➛↔ ↕➙➔➝➙ ➟→➛➢➠➣➜➭ ➓➟➙➓➠➟➭➙ ➠➓➔➦ ➔➜➡➛↕➜➠➔➝➔→ ↔➝➛➞ ➛➠➓➔➝ ➙➛↕➝➡➔➙ ➠➓➟➜ ➛↕➝ ➸➛➠➜➔➠➵ ➯➔
➸➟➙➔→ ➠➓➔ ➙➠↕→➦ ➛➜ ➓➟➙➓➠➟➭➙ ✭➙➔➔ ➒➟➸➤➔ ➨❞ ➠➓➟➠ ➓➟→ ➜➛➠ ➢➝➔➼➣➛↕➙➤➦ ➸➔➔➜ ➛➸➙➔➝➼➔→ ➛➜ ➒➯➣➠➠➔➝➫
➳➠➔➢➙ ➲➧✷ ➯➔➝➔ ➣➜➙➠➔➟→ ➟↕➠➛➞➟➠➔→➫ ✄➦ ➝➔➠➯➔➔➠➣➜➭ ➔➟➡➓ ➛➠➓➔➝♣➙ ➡➛➜➠➔➜➠➵ ➠➓➔ ➸➛➠➙ ➢➝➛➼➣→➔→ ➟
➓➣➭➓➔➝ ➔➥➢➛➙↕➝➔ ➠➛ ➠➓➔ ➠➟➝➭➔➠ ↕➙➔➝➙ ➯➣➠➓ ➝➔➙➢➔➡➠ ➠➛ ➯➓➟➠ ➯➛↕➤→ ➓➟➼➔ ➸➔➔➜ ➢➛➙➙➣➸➤➔ ➣↔ ➸➛➠➙ ➡➛↕➤→
➛➜➤➦ ➓➟➼➔ ➠➟➝➭➔➠➔→ ➠➓➔➣➝ ➞↕➠↕➟➤ ↔➝➣➔➜→➙➵ ➟➙ ➣➤➤↕➙➠➝➟➠➔→ ➣➜ ➽➣➭ ➲➫ ❆➜ ➛➼➔➝➼➣➔➯ ➛↔ ➠➓➔ ➓➟➙➓➠➟➭➙ ➠➓➟➠
➯➔ ➣➜➠➝➛→↕➡➔→ ➣➙ ➙➓➛➯➜ ➣➜ ➒➟➸➤➔ ➨➫ ➒➓➔ ➓➟➙➓➠➟➭➙ ➯➔ ➣➜➠➝➛→↕➡➔→ ➙↕➢➢➛➝➠ ➢➛➙➣➠➣➼➔ ➸➔➓➟➼➣➛➝➙
✭➔➫➭➫➵ ➔➜➡➛↕➝➟➭➣➜➭ ➼➟➡➡➣➜➟➠➣➛➜➙ ➛➝ ➢➛➙➣➠➣➼➔ ➓↕➞➟➜ ➣➜➠➔➝➟➡➠➣➛➜➙➵ ➙➓➟➝➣➜➭ ➙➛➞➔➠➓➣➜➭ ➭➛➛→➵ ➔➠➡➫❞
➟➜→ ➣➜ ➙➛➞➔ ➡➟➙➔➙ ➟➝➔ ➡➛➜➠➔➥➠↕➟➤➣✁➔→ ➯➣➠➓ ➠➓➔ ➠➣➞➔ ➢➔➝➣➛→ ➛↔ ➠➓➔ ➣➜➠➔➝➼➔➜➠➣➛➜ ✭➔➫➭➫➵ ↔➛➙➠➔➝➣➜➭
➙➠➛➝➣➔➙ ➟➸➛↕➠ ➒➓➟➜q➙➭➣➼➣➜➭ ➟➜→ ✄➤➟➡q ➽➝➣→➟➦❞➫

➒➛ ➠➝➟➡q ➔➥➢➛➙↕➝➔➙ ➟➜→ ➡➛➜➠➟➭➣➛➜➙➵ ➔➟➡➓ ➸➛➠ ➟↕➠➛➞➟➠➣➡➟➤➤➦ ➝➔➡➛➝→➔→ ➯➓➔➜ ➟ ➠➟➝➭➔➠ ↕➙➔➝
➝➔➠➯➔➔➠➔→ ➣➜➠➔➝➼➔➜➠➣➛➜❡➝➔➤➟➠➔→ ➡➛➜➠➔➜➠➵ ➟➜→ ➟➤➙➛ ➔➟➡➓ ➔➥➢➛➙↕➝➔ ➠➓➟➠ ➓➟→ ➠➟q➔➜ ➢➤➟➡➔ ➢➝➣➛➝ ➠➛
➠➓➔ ➝➔➠➯➔➔➠➣➜➭➫ ➺➠ ➣➙ ➣➞➢➛➝➠➟➜➠ ➠➛ ➝➔➞➟➝q ➠➓➟➠ ↕➙➔➝➙ ➡➟➜➜➛➠ ➸➔ ➔➥➢➔➡➠➔→ ➠➛ ➡➛➜➙↕➞➔ ➠➓➔ ➔➜➠➣➝➔➠➦
➛↔ ➡➛➜➠➔➜➠ ➭➔➜➔➝➟➠➔→ ➸➦ ➠➓➛➙➔ ➠➓➔➦ ↔➛➤➤➛➯t ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ ➛↔ ➙➔➔➣➜➭ ➟ ➠➯➔➔➠ ➡➟➜ →➔➢➔➜→ ➛➜
➞➟➜➦ ↔➟➡➠➛➝➙ ➣➜➡➤↕→➣➜➭ ➠➓➔ ➠➛➠➟➤ ➜↕➞➸➔➝ ➛↔ ➟➡➡➛↕➜➠➙ ➟ ↕➙➔➝ ↔➛➤➤➛➯➙➵ ➠➓➔ ➟➡➠➣➼➣➠➦ ➤➔➼➔➤ ➛↔ ➔➟➡➓ ➛↔
➠➓➛➙➔ ➟➡➡➛↕➜➠➙➵ ➟➜→ ➠➓➔ ➟➞➛↕➜➠ ➛↔ ➠➣➞➔ ➠➓➟➠ ↕➙➔➝ ➙➢➔➜→➙ ➛➜ ➒➯➣➠➠➔➝➫ ➒➓➔ ➠➯➛ ➡➛➜➠➟➭➣➛➜ ➞➛→❡
➔➤➙ ➯➔ ➡➝➔➟➠➔→➵ →➔➙➡➝➣➸➔→ ➣➜ ➠➓➔ ↔➛➤➤➛➯➣➜➭➵ ➞➛→➔➤ ➠➓➣➙ ↕➜➡➔➝➠➟➣➜➠➦ ➔➥➢➤➣➡➣➠➤➦➫

▼�✁✂✄☎

➺➜ ➠➓➔ ↔➛➤➤➛➯➣➜➭➵ ➯➔ ➢➝➛➢➛➙➔ ➠➯➛ ➡➛➜➠➟➭➣➛➜ ➞➛→➔➤➙➵ ➜➟➞➔➤➦ ✝✞✟✠✡☛ ☞✌✍✎✏✒✞✌✍ ➞➛→➔➤ ✭➳❈❞➵ ➣➜
➯➓➣➡➓ ➟➤➤ ➔➥➢➛➙↕➝➔ ➟➠➠➔➞➢➠➙ ➟➝➔ ➡➛➜➙➣→➔➝➔→ ➠➛ ➸➔ ➣➜→➔➢➔➜→➔➜➠➵ ➟➜→ ☞✌✟✠✡☛✌ ☞✌✍✎✏✒✞✌✍ ➠➓➝➔➙➓❡
➛➤→ ➞➛→➔➤ ✭❈❈❞➵ ➟➜→ →➔➝➣➼➔ ➻↕➟➜➠➣➠➟➠➣➼➔ ➢➝➔→➣➡➠➣➛➜➙ ↔➛➝ ➠➓➔➞➫ ✄➛➠➓ ➞➛→➔➤➙ ➠➟q➔ ➣➜➠➛ ➟➡➡➛↕➜➠
➠➓➔ ↕➜➡➔➝➠➟➣➜➠➦ ➝➔➭➟➝→➣➜➭ ➠➓➔ ➠➟➝➭➔➠ ↕➙➔➝➙ ➛➸➙➔➝➼➣➜➭ ➟ ➭➣➼➔➜ ➠➯➔➔➠➫ ➳➢➔➡➣↔➣➡➟➤➤➦➵ ➯➔ →➛ ➜➛➠ ➓➟➼➔
→➣➝➔➡➠ ➟➡➡➔➙➙ ➠➛ ➟ ↕➙➔➝♣➙ ✏☞✎✍✏✡ ☛✌✠✌✝✍✎☛✝➵ ➠➛ ➟➜ ➣➜➠➔➝➼➔➜➠➣➛➜➵ ➸↕➠ ➛➜➤➦ ➠➛ ➠➓➔ ✏✎✎☛✟✠✎☛✏
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☛✌✠✌✝✍✎☛✝➵ ✑➵ ➞➔➟➜➣➜➭ ➙➣➞➢➤➦ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➠➣➞➔➙ ➟ ➸➛➠ ↔➛➤➤➛➯➔→ ➸➦ ➠➓➔ ↕➙➔➝ ➢↕➸➤➣➙➓➔→ ➟ ➠➯➔➔➠
➡➛➜➠➟➣➜➣➜➭ ➠➓➔ ➓➟➙➓➠➟➭ ➣➜ ➻↕➔➙➠➣➛➜➫ ➒➓➔ ➙➣➞➢➤➔ ➡➛➜➠➟➭➣➛➜ ➞➛→➔➤ ➔➞➢➤➛➦➙ ➛➜➤➦ ➠➓➔ ➠➛➠➟➤ ➜↕➞❡

➸➔➝ ➛↔ ➟➠➠➔➞➢➠➔→ ➔➥➢➛➙↕➝➔➙➵ ➯➓➣➡➓ ➯➔ →➔➜➛➠➔ ✒➫ ➒➓➔ ➡➛➞➢➤➔➥ ➡➛➜➠➟➭➣➛➜ ➞➛→➔➤➵ ➓➛➯➔➼➔➝➵ ➣➙
➛➜➤➦ ➡➛➜➡➔➝➜➔→ ➯➣➠➓ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ↕➜➣➻↕➔ ➙➛↕➝➡➔➙ ✁ ↔➝➛➞ ➯➓➣➡➓ ➛➜➔ ➛➝ ➞➛➝➔ ➔➥➢➛➙↕➝➔➙ ➓➟➼➔
➙↕➡➡➔➔→➔→➫ ➒➓➣➙ ➣➙ ➸➔➡➟↕➙➔ ➟ ➡➔➜➠➝➟➤ ➣→➔➟ ➣➜ ➠➓➝➔➙➓➛➤→ ➞➛→➔➤➙ ➣➙ ➠➓➔ ➝➔➤↕➡➠➟➜➡➔ ➠➛ ➢➟➝➠➟q➔ ➣➜
➟➡➠➣➼➣➠➣➔➙ ↕➜➠➣➤ ➟ ➜↕➞➸➔➝ ➛↔ ➣➜→➣➼➣→↕➟➤➙ ➣➜ ➛➜➔♣➙ ➙➛➡➣➟➤ ➭➝➛↕➢ ➓➟➼➔ ➟➤➝➔➟→➦ →➛➜➔ ➙➛ ➧✸➩➫ ➒➛ ➟➼➛➣→
➡➤↕➠➠➔➝➔→ ➜➛➠➟➠➣➛➜➵ ➯➔ ➯➝➣➠➔ ✒ ➟➜→ ❵➜↕➞➸➔➝ ➛↔ ➔➥➢➛➙↕➝➔➙♣ ➣➜ →➔➙➡➝➣➢➠➣➛➜➙ ➝➔➤➔➼➟➜➠ ↔➛➝ ➸➛➠➓
➞➛→➔➤➙➵ ➟➤➠➓➛↕➭➓ ➠➓➔➙➔ ➙➓➛↕➤→ ➸➔ ➝➔➢➤➟➡➔→ ➯➣➠➓ ✁ ➟➜→ ❵➜↕➞➸➔➝ ➛↔ ↕➜➣➻↕➔ ➔➥➢➛➙↕➝➔ ➙➛↕➝➡➔➙♣ ↔➛➝
➠➓➔ ❈❈ ➡➟➙➔➫
●➛➣➜➭ ↔➛➝➯➟➝→➵ ➯➔ ➙➔➢➟➝➟➠➔ ➠➓➔ ➠➯➛ ↔➟➡➠➛➝➙ ➠➓➟➠ ➔➜➠➔➝ ➣➜➠➛ ➟ ↕➙➔➝➙ ➠➔➜→➔➜➡➦ ➠➛ ➟→➛➢➠ ➟

➸➔➓➟➼➣➛➝➫ ➽➣➝➙➠➤➦➵ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ ➛↔ ➠➓➔ ↕➙➔➝ ➔➥➢➔➝➣➔➜➡➣➜➭ ✒ ➔➥➢➛➙↕➝➔➙➵ ➟➜→➵ ➙➔➡➛➜→➤➦➵ ➠➓➔ ➢➝➛➸❡
➟➸➣➤➣➠➦ ✓✭✭➒�✒❞ ➛↔ ➠➓➔ ↕➙➔➝ →➔➡➣→➣➜➭ ➠➛ ➝➔➠➯➔➔➠ ➡➛➜➠➔➜➠ ➟↔➠➔➝ ➔➥➢➔➝➣➔➜➡➣➜➭ ✒ ➔➥➢➛➙↕➝➔➙➫ ➒➓↕➙➵
➯➔ ➞➛→➔➤ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ ➛↔ ➟ ↕➙➔➝ ➝➔➠➯➔➔➠➣➜➭ ➡➛➜➠➔➜➠ ↔➝➛➞ ➟➜ ➣➜➠➔➝➼➔➜➠➣➛➜➵ ➭➣➼➔➜ ➸➛➠ ➟➡➠➣➼➣➠➦
✔ ➟➙

✓❹�✂❥✔❺ ❼

❳

✄

✓❹✒❥✔❺✓❹�✂❥✒❺✿ ❹➨❺

➺➜ ➠➓➔ ↔➛➤➤➛➯➣➜➭➵ ✔ ❂ ➧✏✶➵ ✏✷➵ ✳ ✳ ✳➩ →➔➜➛➠➔➙ ➟ ➤➣➙➠ ➛↔ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➠➣➞➔➙ ➟ ↕➙➔➝ ➓➟➙ ➝➔➡➔➣➼➔→
➟➠➠➔➞➢➠➔→ ➔➥➢➛➙↕➝➔➙ ↔➝➛➞ ➔➟➡➓ ➸➛➠ ✭→➣➙➝➔➭➟➝→➣➜➭ ➠➓➛➙➔ ➯➣➠➓ ✁➔➝➛ ➟➠➠➔➞➢➠➙❞➫ ➽➛➝ ➔➥➟➞➢➤➔➵ ✔ ❂
➧➲➵ ➨➵ ✸➵ ➨➩ ➞➔➟➜➙ ➠➓➟➠ ➟ ➭➣➼➔➜ ↕➙➔➝ ➓➟➙ ➸➔➔➜ ➙↕➸♠➔➡➠➔→ ➠➛ ➲ ➟➠➠➔➞➢➠➔→ ➔➥➢➛➙↕➝➔ ↔➝➛➞ ➛➜➔ ➸➛➠➵ ✸
↔➝➛➞ ➟➜➛➠➓➔➝ ➸➛➠➵ ➟➜→ ➨ ↔➝➛➞ ➠➯➛ ➸➛➠➙➫ ➺➜ ➠➓➔ ➡➟➙➔ ➛↔ ➳❈➵ ➯➓➔➝➔ ➛➜➤➦ ➠➓➔ ➠➛➠➟➤ ➜↕➞➸➔➝ ➛↔ ➔➥➢➛❡
➙↕➝➔➙ ➣➙ ➛↔ ➣➜➠➔➝➔➙➠➵ ➯➔ ➯➣➤➤ ↕➙➔ ✑ ❂ ☎✆ ✏✆ ➠➛ →➔➜➛➠➔ ➠➓➔ ➠➛➠➟➤ ➜↕➞➸➔➝ ➛↔ ➟➠➠➔➞➢➠➔→ ➔➥➢➛➙↕➝➔➙➫
❙✟✁☎✆✄ ❝✝✠t✂✡✟✝✠☞ ❲➔ ➞➛→➔➤ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➔➥➢➛➙↕➝➔➙ ➸➦ ➟➙➙↕➞➣➜➭ ➠➓➟➠ ➟ ↕➙➔➝ ➙➔➔➙ ➟

➭➣➼➔➜ ➠➯➔➔➠ ➯➣➠➓ ➙➛➞➔ ➣➜→➔➢➔➜→➔➜➠ ➢➝➛➸➟➸➣➤➣➠➦ ✕➫ ➒➓↕➙➵ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➟➡➠↕➟➤ ➔➥➢➛➙↕➝➔➙ ↔➛➤❡
➤➛➯➙ ➟ ➸➣➜➛➞➣➟➤ →➣➙➠➝➣➸↕➠➣➛➜ ✖✭✒❢✑➵ ✕❞ ➭➣➼➔➜ ➸➦ ✕ ➟➜→ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➟➠➠➔➞➢➠➔→ ➔➥➢➛➙↕➝➔➙ ✑➵
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➺➜ ➳❈➵ ➔➟➡➓ ➟➡➠↕➟➤ ➔➥➢➛➙↕➝➔ ➓➟➙ ➙➛➞➔ ➢➝➛➸➟➸➣➤➣➠➦ ✗ ➛↔ ❵➣➜↔➔➡➠➣➜➭♣ ➠➓➔ ↕➙➔➝➵ ➯➓➣➡➓ ➣➙ ➣➜→➔➢➔➜→➔➜➠
➛↔ ➛➠➓➔➝ ➔➥➢➛➙↕➝➔➙➫ ❍➔➜➡➔ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ ↔➛➝ ➟➜ ➣➜↔➔➡➠➣➛➜ ➟↔➠➔➝ ✒ ➔➥➢➛➙↕➝➔➙ ➣➙ ➙➣➞➢➤➦
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➯➓➣➡➓ ➣➙ ➟➤➞➛➙➠ ➤➣➜➔➟➝ ➣➜ ✒ ↔➛➝ ➙➞➟➤➤ ➼➟➤↕➔➙ ➛↔ ✗➫ ➺➜➙➔➝➠➣➜➭ ➠➓➣➙ ➔➥➢➝➔➙➙➣➛➜ ➣➜➠➛ ❊➻ ✭➨❞ ➯➔ ➭➔➠

✓❹�✂❥✑❺✞✟ ❼

❳✝
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➯➓➣➡➓ ➣➙ ➔➻↕➣➼➟➤➔➜➠ ➠➛ ➠➓➔ ➙➣➞➢➤➔➝ ➔➥➢➝➔➙➙➣➛➜

✓❹�✂❥✑❺✞✟ ❼ ✄ ☎ ❹✄ ☎ r✕❺
✝
✿ ❹✺❺

❯➜→➔➝ ✎☛✝✍✡✎✝➵ ➯➔ ↔➣➠ ➠➓➔ ➢➟➝➟➞➔➠➔➝➙ ➣➜ ❊➻ ✭✺❞ ➠➛ ➠➓➔ →➟➠➟ ➛➸➠➟➣➜➔→ ➸➦ ➛↕➝ ➔➥➢➔➝➣➞➔➜➠➫◆➔➥➠➵ ➯➔
→➔➝➣➼➔ ➟➜ ➔➥➢➝➔➙➙➣➛➜ ↔➛➝ ➠➓➔ ➝➔➠➯➔➔➠ ➢➝➛➸➟➸➣➤➣➠➦ ➛↔ ➠➓➔ ➡➛➞➢➤➔➥ ➡➛➜➠➟➭➣➛➜ ➞➛→➔➤➫
❈✝✁☎✆✄✟ ❝✝✠t✂✡✟✝✠☞ ❲➓➔➜ ➻↕➟➜➠➣↔➦➣➜➭ ➠➓➔ ➢➝➔→➣➡➠➣➛➜➙ ➛↔ ❈❈➵ ➯➔ ↔➟➡➔ ➠➯➛ ➛➸➙➠➟➡➤➔➙t ✘✞✠

➝➔→➔↔➣➜➣➜➭ ➠➓➔ ➡➛➜→➣➠➣➛➜➟➤ ➝➔➠➯➔➔➠ ➢➝➛➸➟➸➣➤➣➠➦ ✓✭✭➒�✔❞ ➣➜ ➛➝→➔➝ ➠➛ ➣➜➡➛➝➢➛➝➟➠➔ ➠➓➔ ➠➓➝➔➙➓➛➤→
➔↔↔➔➡➠ ➛↔ ❈❈❢ ➟➜→➵ ✘✞✞✠ ➛➸➠➟➣➜➣➜➭ ➟➜ ➔➥➢➝➔➙➙➣➛➜ ➛↔ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ →➣➙➠➝➣➸↕➠➣➛➜ ↔➛➝ ✁ ➭➣➼➔➜ ➠➓➔
➢➝➔➼➣➛↕➙ ➟➡➠➣➼➣➠➦ ✔➫
▲➔➠ ↕➙ ↔➣➝➙➠ →➔➝➣➼➔ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ →➣➙➠➝➣➸↕➠➣➛➜ ↔➛➝ ✁ ➭➣➼➔➜ ➢➝➔➼➣➛↕➙ ➟➡➠➣➼➣➠➦ ✔➫ ➒➓➔ ➢➝➛➸➟➸➣➤❡

➣➠➦ ✠✆ ➛↔ ➙➛↕➝➡➔ ✞ ➝➔➙↕➤➠➣➜➭ ➣➜ ➛➜➔ ➛➝ ➞➛➝➔ ➟➡➠↕➟➤ ➔➥➢➛➙↕➝➔➙ ➣➙ ➭➣➼➔➜ ➸➦ ➟ ➸➣➜➛➞➣➟➤ →➣➙➠➝➣➸↕➠➣➛➜

�✸✳❃✮✲✯✮ ✽✾ ✯✽✿❂✵✮✑ ✯✽✲✻✴■✳✽✲ ✽✾ ✳✲✾✽✹✿✴✻✳✽✲ ✳✲ ✺✽✯✳✴✵ ✿✮❃✳✴➘ ✂✲ ✮✑❂✮✹✳✿✮✲✻ ❈✺✳✲■ ❆❱✳✻✻✮✹ ❏✽✻✺

➪✝➶✁➶◗� ➹ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➬➮➷➴❳✽❈✹✲✴✵✇❂✽✲✮✇❍➷●➱➷➱● ✁✮❂✻✮✿❏✮✹ ❅❅❁ ❅❍➷➮ ✎ ➴ ➷❅



↕➙➣➜➭ ➙➣➞➣➤➟➝ ➡➛➜➙➣→➔➝➟➠➣➛➜➙ ➟➙ ➠➓➛➙➔ ➤➔➟→➣➜➭ ➠➛ ❊➻ ✭✺❞t

✠✂ ❼ ✄ ☎ ❹✄ ☎ ✕❺
☛� ✿ ❹✻❺

❍➔➜➡➔➵ ➠➓➔ →➣➙➠➝➣➸↕➠➣➛➜ ➛↔ ↕➜➣➻↕➔ ➔➥➢➛➙↕➝➔➙ ➣➙ ➠➓➔ ➝➔➙↕➤➠ ➛↔ ➣➜→➔➢➔➜→➔➜➠ →➝➟➯➙ ↔➝➛➞ �✔�

✄➔➝➜➛↕➤➤➣ ➠➝➣➟➤➙ ➯➣➠➓ ✏✆ →➝➟➯➙ ↔➝➛➞ ➔➟➡➓➵ ➯➣➠➓ ➣➜→➣➼➣→↕➟➤ ➙↕➡➡➔➙➙ ➢➝➛➸➟➸➣➤➣➠➣➔➙ ✠✆➵ ➟➤➙➛ q➜➛➯➜ ➟➙
P➛➣➙➙➛➜♣➙ ✄➣➜➛➞➣➟➤ ➧➲✼➩➫ ➽➛➝ ➔➥➟➞➢➤➔➵ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ ➛↔ ✁ ❂ ➨ ➭➣➼➔➜ ➟ ➤➣➙➠ ➛↔ ➟➠➠➔➞➢➠➔→ ➔➥➢➛❡
➙↕➝➔➙ ✔ ➣➙ ➛➸➠➟➣➜➔→ ➸➦ ➙↕➞➞➣➜➭ ➛➼➔➝ ➠➓➔ →➣↔↔➔➝➔➜➠ ➯➟➦➙ ➯➔ ➞➟➦ ➟➡➓➣➔➼➔ ➙↕➡➡➔➙➙ ➣➜ ➛➜➤➦ ➟ ➙➣➜➭➤➔
✄➔➝➜➛↕➤➤➣ ➠➝➣➟➤➙t

✓❹❦ ❼ ✄❥✔❺ ❼

❳❥✔❥

✚✞✶

❹✄ ☎ ❹✄ ☎ ✕❺
☛✁❺

③�����������❶✁�����������✂
☎✁

❨

✂✻✞✚

❹✄ ☎ ✕❺
☛�

③�����❶✁�����✂
✶✆☎�

✿ ❹✼❺

●➔➜➔➝➟➤➣✁➣➜➭ ➠➓➣➙ ➠➛ ➟➜➦ ✁✔ �✔�➵ ➯➔ ➙↕➞ ➛➼➔➝ ➔➼➔➝➦ ↕➜➣➻↕➔ ➡➛➞➸➣➜➟➠➣➛➜ ➛↔ ✁ ➙↕➡➡➔➙➙↔↕➤ ➠➝➣➟➤➙➫
❉➔➜➛➠➣➜➭ ➠➓➔ ➙➔➠ ➛↔ ➙➔➠➙ ➛↔ ✁ ➣➜➠➔➭➔➝➙ ➸➔➠➯➔➔➜ ➨ ➟➜→ �✔� ➸➦ ✛✄➵ ➯➔ ➭➔➠
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❲➔ ➣➜➡➤↕→➔ ➟ ➜➛➠➔ ➣➜ ➠➓➔ ➳➺ ➛➜ ➓➛➯ ➠➛ ➔↔↔➣➡➣➔➜➠➤➦ ➡➛➞➢↕➠➔ ❊➻ ✭✽❞➵ ➟➙ ➠➓➣➙ ➔➥➢➝➔➙➙➣➛➜ ➸➔➡➛➞➔➙
➣➜↔➔➟➙➣➸➤➔ ➠➛ ➡➛➞➢↕➠➔ ↕➙➣➜➭ ➟ ➸➝↕➠➔ ↔➛➝➡➔ ➟➢➢➝➛➟➡➓ ➯➓➔➜ �✔�❃ ➲✺➫ ❆➙ ➣➜ ❊➻ ✭➨❞➵ ➯➔ ➙↕➞ ➛➼➔➝
➢➛➙➣➠➣➼➔ ✁ ➠➛ ➛➸➠➟➣➜ ➟ ↔➣➜➟➤ ➔➥➢➝➔➙➙➣➛➜ ↔➛➝ ➠➓➔ ➝➔➠➯➔➔➠ ➢➝➛➸➟➸➣➤➣➠➦ ➭➣➼➔➜ ➟ ➤➣➙➠ ✔ ➛↔ ➔➥➢➛➙↕➝➔
➟➠➠➔➞➢➠➙➵ ➸➦ ➡➛➞➢↕➠➣➜➭ ➠➓➔ ➙↕➞ ☎✄ ✓✭✁�✔❞✓✭✭➒�✁❞ ➛➼➔➝ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➣➔➙ ➭➣➼➔➜ ➸➦ ❊➻ ✭✽❞➫

✓❹�✂❥✔❺ ❼

❳❥✔❥

☎✞✶

❳

✆✷✝✄

❨

✂✷✆

❹✄ ☎ ❹✄ ☎ ✕❺
☛�
❺

❨

✂ ❂✷✆

❹✄ ☎ ✕❺
☛�
✓❹✜✢ ❥❦❺✿ ❹➨✷❺

◆➛➯ ➯➔ ➙➔➤➔➡➠ ➟ ➠➓➝➔➙➓➛➤→ ↔↕➜➡➠➣➛➜ ↔➛➝ ✓✭✜✢�✁❞➫ ❲➔ ➡➓➛➛➙➔ ➟ ➳➣➭➞➛➣→ ↔↕➜➡➠➣➛➜➵

✓❹�✂❥❦❺✟✟ ❼ r✞ ❻
r✣ ☎ r✞

✄❻ ☛✆✤❹☎✆☎✵❺
❀ ❹➨➨❺

➟➙ ➣➠ ➔➞➢➤➛➦➙ ➸➛➠➓ ➟ ➠➓➝➔➙➓➛➤→ ✁✞➵ ➙➠➔➔➢➜➔➙➙ ✟ ➟➜→ ➠➓➔ ➤➛➯➔➝ ➟➜→ ↕➢➢➔➝ ➤➣➞➣➠➙➵ ✗✠ ➟➜→ ✗✡➫ ➳➣➭❡
➞➛➣→➙ ➟➝➔ ➡➛➞➞➛➜➤➦ ↕➙➔→ ➠➛ ➞➛→➔➤ ➙➛↔➠ ➠➓➝➔➙➓➛➤→➙➵ ↔➛➝ ➔➥➟➞➢➤➔ ➟➙ ➟➡➠➣➼➟➠➣➛➜ ↔↕➜➡➠➣➛➜➙ ➣➜
➜➔↕➝➟➤ ➜➔➠➯➛➝q➙ ➧➲✽➩➵ ➛➝ ➟➙ ↔↕✁✁➦ ➞➔➞➸➔➝➙➓➣➢ ↔↕➜➡➠➣➛➜➙ ➧➲✶➩➫ ❈➛➞➸➣➜➣➜➭ ❊➻➙ ✭➨✷❞ ➟➜→ ✭➨➨❞➵
➠➓➔ ➔➥➢➝➔➙➙➣➛➜ ↔➛➝ ✓✭✭➒�✔❞ ➸➔➡➛➞➔➙

✓❹�✂❥✔❺✟✟ ❼

❳❥✔❥

☎✞✶

❳

✆✷✝✄

❨

✂✷✆

❹✄ ☎ ❹✄ ☎ ✕❺
☛�❺

❨

✂ ❂✷✆

❹✄ ☎ ✕❺
☛� r✞ ❻

r✣ ☎ r✞

✄❻ ☛✆✤❹☎✆☎✵❺

✟ ✓

✿ ❹➨➲❺

❍➟➼➣➜➭ →➔➝➣➼➔→ ➔➥➢➝➔➙➙➣➛➜➙ ↔➛➝ ➠➓➔ ➝➔➠➯➔➔➠ ➢➝➛➸➟➸➣➤➣➠➦ ↔➛➝ ➟ ↕➙➔➝ ➭➣➼➔➜ ➢➝➔➼➣➛↕➙ ➔➥➢➛➙↕➝➔
➟➡➠➣➼➣➠➦ ↔➛➝ ➸➛➠➓ ➠➓➔ ➳❈ ➟➜→ ❈❈ ➓➦➢➛➠➓➔➙➔➙➵ ➯➔ ➢➝➛➡➔➔→ ➠➛ ↔➣➠ ➠➓➔ ➞➛→➔➤➙ ➠➛ ➛↕➝ ➔➥➢➔➝➣➞➔➜➠➟➤
→➟➠➟➫

❆✠✂✆✞✠✟✠☞ ❲➔ ➜➛➯ ↕➙➔ ➠➓➔➙➔ ➠➯➛ ➡➛➜➠➟➭➣➛➜ ➞➛→➔➤➙ ➠➛ ➣➜➼➔➙➠➣➭➟➠➔ ➓➛➯ ➠➓➔ ➟→➛➢➠➣➛➜ ➢➝➛➸➟❡
➸➣➤➣➠➦ ✓✭✭➒❞ ➼➟➝➣➔➙ ➟➙ ➟ ↔↕➜➡➠➣➛➜ ➛↔ ➠➓➔ ➔➥➢➛➙↕➝➔ ➜↕➞➸➔➝➙ ➣➜ ➛↕➝ →➟➠➟➙➔➠➫ ✄➦ ➙➠↕→➦➣➜➭ ➓➛➯ ➯➔➤➤
➔➟➡➓ ➞➛→➔➤ ↔➣➠➙ ➠➓➔ ➛➸➙➔➝➼➔→ →➟➠➟➵ ➯➔ ➡➟➜ →➔➠➔➝➞➣➜➔ ➯➓➣➡➓ ➞➛→➔➤ ➣➙ ➠➓➔ ➞➛➙➠ ➟➢➢➝➛➢➝➣➟➠➔
→➔➙➡➝➣➢➠➣➛➜ ➛↔ ➠➓➔ ➡➛➜➠➟➭➣➛➜ ➢➝➛➡➔➙➙➔➙ ➞➔➟➙↕➝➔→ ➣➜ ➠➓➔ ➔➥➢➔➝➣➞➔➜➠➫

❆➜ ➔➥➟➞➢➤➔ ➛↔ ➠➓➔ →➣➙➠➝➣➸↕➠➣➛➜➙ ↔➛➝ ✕ ❂ ✷➫➲ ➟➜→ ➠➓➔ ➸➔➙➠ ↔➣➠➙ ➛↔ ➠➓➔ ➳❈ ➟➜→ ❈❈➞➛→➔➤➙ ➟➝➔
➙➓➛➯➜ ➣➜ ➽➣➭ ✸➫

�✸✳❃✮✲✯✮ ✽✾ ✯✽✿❂✵✮✑ ✯✽✲✻✴■✳✽✲ ✽✾ ✳✲✾✽✹✿✴✻✳✽✲ ✳✲ ✺✽✯✳✴✵ ✿✮❃✳✴➘ ✂✲ ✮✑❂✮✹✳✿✮✲✻ ❈✺✳✲■ ❆❱✳✻✻✮✹ ❏✽✻✺

➪✝➶✁➶◗� ➹ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➬➮➷➴❳✽❈✹✲✴✵✇❂✽✲✮✇❍➷●➱➷➱● ✁✮❂✻✮✿❏✮✹ ❅❅❁ ❅❍➷➮ ✡ ➴ ➷❅



➽➣➭ ✸ ➙↕➭➭➔➙➠➙ ➠➓➟➠ ➠➓➔ ➳❈➞➛→➔➤ ↔➝➛➞ ❊➻ ✭✷❞ ➣➙ ➜➛➠ ➟➜ ➟→➔➻↕➟➠➔ ↔➣➠ ➠➛ ➠➓➔ ➛➸➙➔➝➼➔→ →➟➠➟➵
➯➓➔➝➔➟➙ ➠➓➔ ❈❈➞➛→➔➤ ↔➝➛➞ ❊➻ ✭➨✷❞ ➢➝➛➼➣→➔➙ ➟➜ ➔➥➡➔➤➤➔➜➠ ↔➣➠➫ ➒➓➔ ↔➣➭↕➝➔ ➣➜→➣➡➟➠➔➙ ➠➓➟➠ ➠➓➔ ❈❈
➞➛→➔➤➵ ➯➓➣➡➓ ➞➛→➔➤➙ ➡➛➜➠➟➭➣➛➜ ➟➙ ➟ ↔↕➜➡➠➣➛➜ ➛↔ ➠➓➔ ➜↕➞➸➔➝ ➛↔ →➣➙➠➣➜➡➠ ➙➛↕➝➡➔➙ ➢➝➛➼➣→➔➙ ➟ ➸➔➠❡
➠➔➝ ➔➥➢➤➟➜➟➠➣➛➜ ↔➛➝ ➠➓➔ ↕➙➔➝ ➸➔➓➟➼➣➛➝ ➛➜ ➒➯➣➠➠➔➝➫

➺➜ ➛➝→➔➝ ➠➛ ➡➛➞➢➟➝➔ ➠➓➔ ➞➛→➔➤➙ ➣➜ ➟ ➯➟➦ ➠➓➟➠ ➠➟q➔➙ ➣➜➠➛ ➟➡➡➛↕➜➠ →➣↔↔➔➝➔➜➠ ➞➛→➔➤ ➡➛➞➢➤➔➥➣❡
➠➣➔➙➵ ➯➔ ↕➙➔ ➠➓➔ ✄➟➦➔➙➣➟➜ ➺➜↔➛➝➞➟➠➣➛➜ ❈➝➣➠➔➝➣➛➜ ✭✄➺❈❞ ➙➡➛➝➔ ➧✸✷➩ ➛➜ ➙➣➞↕➤➟➠➣➛➜➙ ↕➙➣➜➭ ➠➓➔
➢➝➛➸➟➸➣➤➣➠➣➔➙ ➢➝➛➼➣→➔→ ➸➦ ➠➓➔ ➠➯➛ ➞➛→➔➤➙ ✭➙➔➔ �➔➠➓➛→➙ ↔➛➝ →➔➠➟➣➤➙❞➫ ➒➓➔ ➝➔➙↕➤➠➙➵ →➣➙➢➤➟➦➔→ ➣➜
➽➣➭ ✷➵ ➙➓➛➯ ➠➓➟➠ ➠➓➔ ❈❈ ➞➛→➔➤ ➝➔➙↕➤➠➙ ➣➜ ➸➔➠➠➔➝ ✄➺❈ ➙➡➛➝➔➙ ↔➛➝ ➟➜➦ ➼➟➤↕➔ ➛↔ ✕➫ ➺➜ ➭➔➜➔➝➟➤➵ ➟ →➣↔❡
↔➔➝➔➜➡➔ ➣➜ ✄➺❈ ➙➡➛➝➔➙ ➤➟➝➭➔➝ ➠➓➟➜ ➨✷ ➢➛➣➜➠➙ ➣➙ ➡➛➜➙➣→➔➝➔→ ➟ ➼➔➝➦ ➙➠➝➛➜➭ ➔➼➣→➔➜➡➔ ➣➜ ➙↕➢➢➛➝➠ ➛↔
➠➓➔ ➞➛→➔➤ ➯➣➠➓ ➠➓➔ ➤➛➯➔➝ ➙➡➛➝➔ ➧✸➨➩➫ ➽➣➭ ✷ ➙➓➛➯➙ ➭➟➢➙ ➸➔➠➯➔➔➜ ➠➓➔ ➟➼➔➝➟➭➔ ✄➺❈ ➙➡➛➝➔➙ ➛↔ ➠➓➔
➠➯➛ ➞➛→➔➤➙ ➠➓➟➠ ➟➝➔ ➙↕➸➙➠➟➜➠➣➟➤➤➦ ➤➟➝➭➔➝ ➠➓➟➜ ➨✷ ➢➛➣➜➠➙ ➠➓➝➛↕➭➓➛↕➠ ➠➓➔ ➔➜➠➣➝➔ ➝➟➜➭➔ ➛↔ ➼➟➤↕➔➙ ➛↔
✕➵ ➙↕➢➢➛➝➠➣➜➭ ➠➓➔ ➓➦➢➛➠➓➔➙➣➙ ➠➓➟➠ ➠➓➔ ❈❈➞➛→➔➤ ➣➙ ➠➓➔ ➸➔➙➠ ➔➥➢➤➟➜➟➠➣➛➜ ↔➛➝ ➠➓➔ →➦➜➟➞➣➡➙ ➛↔
➣➜↔➛➝➞➟➠➣➛➜ →➣↔↔↕➙➣➛➜ ➛➜ ➒➯➣➠➠➔➝➫

➽➛➝ ➼➔➝➦ ➙➞➟➤➤ ➼➟➤↕➔➙ ➛↔ ✕ ✭✕❁ ✷➫➨❞ ➠➓➔ ➭➟➢ ➸➔➠➯➔➔➜ ➠➓➔ ✄➺❈ ➙➡➛➝➔➙ ➛↔ ➠➓➔ ➠➯➛ ➞➛→➔➤➙ ➣➙
➙➞➟➤➤➵ ➟➜→ ➟➙ ✕ ➭➝➛➯➙ ➠➓➔ ➭➟➢ ➣➜➡➝➔➟➙➔➙ ➠➛ ➝➔➟➡➓ ➣➠➙ ➞➟➥➣➞↕➞ ↔➛➝ ➼➟➤↕➔➙ ➛↔ ✕ ➟➝➛↕➜→ ✷➫✺➫ ➒➓➔
➝➔➟➙➛➜ ↔➛➝ ➠➓➔ ➤➛➯ ✄➺❈ ➙➡➛➝➔➙ ➣➜ ➠➓➔ ➡➟➙➔ ➛↔ ➼➔➝➦ ➤➛➯ ➼➟➤↕➔➙ ➛↔ ✕ ➣➙ ➠➓➟➠ ➠➓➔ ➔➙➠➣➞➟➠➔➙ ➛↔ ➔➥➢➛❡
➙↕➝➔ ➜↕➞➸➔➝➙ ↔➝➛➞ ❊➻➙ ✭➲❞ ✭➳❈❞ ➟➜→ ✭✽❞ →➔➢➔➜→ ➛➜ ✕ ➟➜→ ➦➣➔➤→ ➟ ➼➔➝➦ ➤➛➯ ➜↕➞➸➔➝ ➛↔ ➔➙➠➣➞➟➠➔→
➙↕➡➡➔➙➙↔↕➤ ➔➥➢➛➙↕➝➔➙ ↔➛➝ ➤➛➯ ➼➟➤↕➔➙ ➛↔ ✕➵ ➯➓➣➡➓ ➡➟↕➙➔➙ ➠➓➔ ➔➝➝➛➝ ➸➟➝➙ ➛➜ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➔➙➠➣❡
➞➟➠➔→ ➝➔➠➯➔➔➠➙ ✭➙↕➡➓ ➟➙ ➠➓➛➙➔ ↔➝➛➞ ➽➣➭ ✸✄❞ ➠➛ ➭➝➛➯ ➤➟➝➭➔➫

❋✠✏ ❖✟ ❙✠✍♣✝✞ ❝♦✐☛☎✏✠♦✐ ✭❙�✁ ✝✞☞☛❧ ✝♦✞✡ ✐♦☛ ☎✝✞❛✌☎☛✞✝✂ ✝✞✡❝✌✠✆✞ ☛✎✞ ❝♦✐☛☎✏✠♦✐ ✝✂✐☎✍✠❝✡❞ ❚✎✞ ✆✞✡☛ ☞✠☛
✌✐✝✞✌✞✡☛✠✍☎☛✞✡ ☛✎✞ ♣✌♦✆☎✆✠✝✠☛✂ ♦☞ ✌✞☛✇✞✞☛✠✐✏ ☎☞☛✞✌ ☎ ✝♦✇ ✐✌✍✆✞✌ ♦☞ ✞❡♣♦✡✌✌✞✡ ☎✐✝ ♦✍✞✌✞✡☛✠✍☎☛✞✡ ☛✎✞
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❉✂t✂☞ ❆➤➤ →➟➠➟ ➯➟➙ ➡➛➤➤➔➡➠➔→ ➣➜ ➟➡➡➛➝→➟➜➡➔ ➯➣➠➓ ➠➓➔ ❉➟➜➣➙➓ ➝➔➭↕➤➟➠➣➛➜➙ ↔➛➝ ➢➔➝➙➛➜➟➤ →➟➠➟❢ ➟→→➣❡
➠➣➛➜➟➤➤➦ ➠➓➔ ➙➠↕→➦ ➓➟➙ ➸➔➔➜ ➙↕➸♠➔➡➠ ➠➛ ➺➜➙➠➣➠↕➠➣➛➜➟➤ ✭➔➼➣➔➯ ✄➛➟➝→ ✭➺✭✄❞ ➟➢➢➝➛➼➟➤➫ ➒➓➔ ➺✭✄
➭➝➟➜➠➔➔ ➣➙ ➺➜→➣➟➜➟ ❯➜➣➼➔➝➙➣➠➦ ✭➢➝➛➠➛➡➛➤ ➜↕➞➸➔➝ ➨✷➨✷✺✷➨✽✶➨❞➵ ➯➓➣➡➓ ➯➟➙ ➠➓➔ ➓➛➙➠➣➜➭ ➣➜➙➠➣➠↕❡
➠➣➛➜ ➛↔ ➠➓➔ ➛➜➤➦❯➫➳➫❡➸➟➙➔→ ➟↕➠➓➛➝ ✭❊➞➣➤➣➛ ➽➔➝➝➟➝➟❞ ➟➠ ➠➓➔ ➠➣➞➔ ➯➓➔➜ ➠➓➣➙ ➔➥➢➔➝➣➞➔➜➠ ➯➟➙ ➢➔➝❡
↔➛➝➞➔→➫ ❆➤➤ ➡➛❡➟↕➠➓➛➝➙ ➟➤➣➭➜➔→ ➠➛ ➠➓➔ ➝➔➻↕➣➝➔➞➔➜➠➙ ➣➞➢➛➙➔→ ➸➦ ➺➜→➣➟➜➟ ❯➜➣➼➔➝➙➣➠➦♣➙ ➟➢➢➝➛➼➔→
➢➝➛➠➛➡➛➤➫ ➽➛➝ →➟➠➟ ➟➡➡➔➙➙ ➢➤➔➟➙➔ ➡➛➜➠➟➡➠ ❈➛➢➔➜➓➟➭➔➜ ❈➔➜➠➔➝ ↔➛➝ ➳➛➡➣➟➤ ❉➟➠➟ ➳➡➣➔➜➡➔
✭➓➠➠➢t✂✂➙➛→➟➙➫q↕➫→q✂➡➛➜➠➟➡➠✂❞➵ ➛➝ ➠➓➔ ➡➛➝➝➔➙➢➛➜→➣➜➭ ➟↕➠➓➛➝t ➳↕➜➔ ▲➔➓➞➟➜➜➫
❇✝t✠✄t ❝❝✄✂t✟✝✠☞ ❲➔ →➔➙➣➭➜➔→ ➠➓➔ ➒➯➣➠➠➔➝ ➸➛➠➙ ➟➙ ➢➟➝➠ ➛↔ ➟ ➭➝➟→↕➟➠➔ ➡➛↕➝➙➔ ➛➜ ➙➛➡➣➟➤ ➜➔➠❡

➯➛➝q➙➫ ➒➓➔ ➭➛➟➤ ➯➟➙ ➠➛ ➡➝➔➟➠➔ ➸➛➠➙ ➯➓➣➡➓ ➟➢➢➔➟➝➵ ➟➠ ➟ ➡↕➝➙➛➝➦ ➭➤➟➜➡➔➵ ➠➛ ➸➔ ➓↕➞➟➜❡➛➢➔➝➟➠➔→
➒➯➣➠➠➔➝ ➟➡➡➛↕➜➠➙➵ ➸↕➠ ➣➜ ➝➔➟➤➣➠➦ ➟➝➔ ➟➤➭➛➝➣➠➓➞➣➡➟➤➤➦ →➝➣➼➔➜ ✭➸➦ ➞➔➟➜➙ ➛↔ P➦➠➓➛➜ ➙➡➝➣➢➠➙❞➫ ➒➓➔
➸➛➠ ➡➝➔➟➠➣➛➜ ➯➟➙ →➣➼➣→➔→ ➣➜➠➛ ➠➯➛ ➢➓➟➙➔➙t ↔➣➝➙➠➵ ➠➓➔ ➭➛➟➤ ➯➟➙ ➠➛ ➸↕➣➤→ ➡➛➜➼➣➜➡➣➜➭ ➟➡➡➛↕➜➠➙ ➠➓➟➠
➝➔➟➤ ↕➙➔➝➙ ➞➣➭➓➠ ➯➟➜➠ ➠➛ ↔➛➤➤➛➯➫ ➳➔➡➛➜→➵ ➯➔ ➯➛➝q➔→ ➠➛ ➣➜↔➣➤➠➝➟➠➔ ➟ ➙➔➠ ➛↔ ➭➔➛➭➝➟➢➓➣➡➟➤➤➦ ➡➛❡
➤➛➡➟➠➔→ ➝➔➟➤ ↕➙➔➝➙ ➟➜→ ➙➢➝➔➟→ ➜➔➯ ➓➟➙➓➠➟➭➙ ➟➞➛➜➭ ➠➓➔➞➫

➺➜ ➢➓➟➙➔ ➨➵ ➔➟➡➓ ➭➝➛↕➢ ➛↔ ➲❡✷ ➙➠↕→➔➜➠➙ ➞➟➜↕➟➤➤➦ ➡➝➔➟➠➔→ ➨❡✸ ➢➔➝➙➛➜➟➙ ✭➯➣➠➓ ➣➜➠➔➝➔➙➠➙➵ ➞↕➙➣➡
➠➟➙➠➔➵ ↔➟➼➛➝➣➠➔ ➙➢➛➝➠➙ ➠➔➟➞➵ ➔➠➡➫❞ ➟➜→ ➡➛➝➝➔➙➢➛➜→➣➜➭ ➒➯➣➠➠➔➝ ➢➝➛↔➣➤➔➙➵ ➔➟➡➓ ➯➣➠➓ ➟ ➢➝➛↔➣➤➔ ➢➣➡➠↕➝➔➵
➢➝➛↔➣➤➔ →➔➙➡➝➣➢➠➣➛➜➵ ➸➟➡q➭➝➛↕➜→ ➢➣➡➠↕➝➔➵ ➔➠➡➫➵ ➝➔➙↕➤➠➣➜➭ ➣➜ ➟ ➠➛➠➟➤ ➛↔ ✸✶ ➸➛➠➙➫ ❊➟➡➓ ➭➝➛↕➢ ➟➤➙➛
➞➟➜↕➟➤➤➦ ➢➛➙➠➔→ ➟ ➜↕➞➸➔➝ ➛↔ ➣➜➣➠➣➟➤ ➠➯➔➔➠➙ ↔➛➝ ➔➟➡➓ ➸➛➠➫

❖➜➔ ➛↔ ➠➓➔ q➔➦ ➛➸♠➔➡➠➣➼➔➙ ➯➟➙ ➠➛ ➟➡➓➣➔➼➔ ➟ ➤➟➝➭➔ ↔➛➤➤➛➯➔➝ ➸➟➙➔ ➯➓➣➤➔ ➞➟➣➜➠➟➣➜➣➜➭ ➟ ➤➛➯ ↔➛➤❡
➤➛➯➣➜➭✂↔➛➤➤➛➯➔➝ ➝➟➠➣➛➫ ❆ ➤➛➯ ↔➛➤➤➛➯➣➜➭✂↔➛➤➤➛➯➔➝ ➝➟➠➣➛ ➣➙ ↕➜↕➙↕➟➤ ➟➞➛➜➭ ➸➛➠➙ ➧➲➨➩ ➟➜→ ➙➣➭➜➟➤➙
➢➛➢↕➤➟➝➣➠➦ ➛➜ ➒➯➣➠➠➔➝➫❖↕➝ ➸➛➠➙ ➟➡➓➣➔➼➔→ ➟ ➤➛➯ ➝➟➠➣➛ ➸➦ ➡➟➢➣➠➟➤➣✁➣➜➭ ➛➜ ➠➓➔ ↔➟➡➠ ➠➓➟➠ ➞➟➜➦ ➜➔➯
↕➙➔➝➙ ➯➣➠➓ ➝➔➤➟➠➣➼➔➤➦ ↔➔➯ ↔➛➤➤➛➯➔➝➙ ✭➟➜→ ➛➠➓➔➝ ➒➯➣➠➠➔➝ ➸➛➠➙❞ ➠➔➜→ ➠➛ ➝➔➡➣➢➝➛➡➟➠➔ ➠➓➔ ➤➣➜q ➯➓➔➜
➠➓➔➦ ➭➟➣➜ ➟ ➜➔➯ ↔➛➤➤➛➯➔➝➫ ➒➓➔➝➔↔➛➝➔➵ ➯➔ ↕➙➔→ ➠➓➔ ↔➛➤➤➛➯➣➜➭ ➙➠➝➟➠➔➭➦t ❊➼➔➝➦ →➟➦➵ ➔➟➡➓ ➸➛➠ ➟↕➠➛❡
➞➟➠➣➡➟➤➤➦ ↔➛➤➤➛➯➔→ ➟➢➢➝➛➥➣➞➟➠➔➤➦ ➨✷✷❡➲✷✷ ➝➟➜→➛➞➤➦ ➙➔➤➔➡➠➔→ ➟➡➡➛↕➜➠➙ ➯➣➠➓ ➟ ➤➛➯ ↔➛➤➤➛➯➔➝
➡➛↕➜➠ ➛➝ ➠➓➔ ➙➠➝➣➜➭ ❵↔➛➤➤➛➯➸➟➡q♣ ➣➜ ➠➓➔ →➔➙➡➝➣➢➠➣➛➜➫ ❆↔➠➔➝ ➲✷ ➓➛↕➝➙➵ ➠➓➔ ➸➛➠➙ ↕➜↔➛➤➤➛➯➔→ ➠➓➔
➟➡➡➛↕➜➠➙ ➠➓➟➠ ↔➟➣➤➔→ ➠➛ ➝➔➡➣➢➝➛➡➟➠➔ ➠➓➔➣➝ ↔➛➤➤➛➯➫ ➒➓➣➙ ➝➛↕➠➣➜➔ ➯➟➙ ➝➔➢➔➟➠➔→ ➔➼➔➝➦ ➙↕➸➙➔➻↕➔➜➠
→➟➦➫❯➙➣➜➭ ➠➓➣➙ ➙➠➝➟➠➔➭➦➵ ➠➓➔ ➸➛➠➙ ➯➔➝➔ ➟➸➤➔ ➠➛ ➞➟➣➜➠➟➣➜ ➟ ↔➛➤➤➛➯➣➜➭✂↔➛➤➤➛➯➔➝ ➝➟➠➣➛ ➡➤➛➙➔ ➠➛ ➨➵
➯➓➣➤➔ ➭➟➣➜➣➜➭ ➤➟➝➭➔ ➟➞➛↕➜➠➙ ➛↔ ↔➛➤➤➛➯➔➝➙➫ ➒➓➔ ➸➛➠➙ ➟➼➛➣→➔→ ➟↕➠➛➞➟➠➣➡ →➔➠➔➡➠➣➛➜ ➸➦ ➤➣➞➣➠➣➜➭ ➠➓➔
➡➓↕➝➜ ➟➞➛➜➭ ➠➓➔➣➝ ↔➛➤➤➛➯➔➝➙➵ ➙➣➜➡➔ ➢➔➝↔➛➝➞➣➜➭ ➠➛➛ ➞➟➜➦ ✭↕➜❞↔➛➤➤➛➯ ➛➢➔➝➟➠➣➛➜➙ ➣➜ ➟ →➟➦ ➤➔➟→➙
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➠➛ ➟ ➙↕➙➢➔➜➙➣➛➜ ➛↔ ➠➓➔ ➟➡➡➛↕➜➠➫ ❆➙ ➟ ➯➓➛➤➔➵ ➠➓➔ ➸➛➠➜➔➠ ➯➟➙ ➙↕➡➡➔➙➙↔↕➤ ➣➜ ➭➟➣➜➣➜➭ ➟ ➤➟➝➭➔ ➭➝➛↕➢
➛↔ ↔➛➤➤➛➯➔➝➙ ➯➓➣➡➓ ➭➝➔➯ ➙➠➔➟→➣➤➦ ➠➓➝➛↕➭➓➛↕➠ ➠➓➔ →↕➝➟➠➣➛➜ ➛↔ ➠➓➔ ➔➥➢➔➝➣➞➔➜➠➵ ➟➙ ➙➓➛➯➜ ➣➜
➽➣➭ ➨❆➫

❲➓➣➤➔ ➟➠➠➝➟➡➠➣➜➭ ↔➛➤➤➛➯➔➝➙➵ ➠➓➔ ➸➛➠➙ ➭➝➟→↕➟➤➤➦ ➟➙➙↕➞➔→ ➟ ➜↕➞➸➔➝ ➛↔ ➸➔➓➟➼➣➛➝➙ →➔➙➣➭➜➔→ ➠➛
➔➞↕➤➟➠➔ ➓↕➞➟➜ ➸➔➓➟➼➣➛➝t

●✄✝✡❝✂☎☛✟❝✂✆ ☎✂tt✄❝✠✠☞ ❆➤➤ ➸➛➠➙♣ ➙➔➤↔❡➝➔➢➛➝➠➔→ ➤➛➡➟➠➣➛➜ ➣➜ ➠➓➔➣➝ ➒➯➣➠➠➔➝ ➢➝➛↔➣➤➔ ➯➟➙ ➙➔➠ ➠➛ ➠➓➔
➳➟➜ ➽➝➟➜➡➣➙➡➛ ✄➟➦ ❆➝➔➟➫ ➺➜ ➟→→➣➠➣➛➜➵ ➟➤➤ ➸➛➠➙ ➠➯➔➔➠➔→ ➯➣➠➓ ➭➔➛❡➠➟➭➭➔→ ➠➯➔➔➠➙➵ ➙➔➠ ➠➛ ➛➝➣➭➣➜➟➠➔
↔➝➛➞ ➟ ➝➟➜→➛➞ ➤➛➡➟➠➣➛➜ ➯➣➠➓➣➜ ➠➓➔ ✄➟➦ ❆➝➔➟ ➸➛↕➜→➣➜➭ ➸➛➥➫ ➒➓➣➙ ➟➤➤➛➯➔→ ➛↕➝ ➸➛➠➙ ➠➛ ➠➟➝➭➔➠
➟ ➭➔➛➭➝➟➢➓➣➡➟➤➤➦❡➡➛➜↔➣➜➔→ ➝➔➭➣➛➜➫

❚✄✁☎✝❝✂✆ ☎✂tt✄❝✠✠☞ ✄➛➠➙ ➟➤➙➛ ➠➣➞➔→ ➠➓➔➣➝ ➠➯➔➔➠➙ ➠➛ ➞➟➠➡➓ ➠➦➢➣➡➟➤ →➣↕➝➜➟➤ ➢➟➠➠➔➝➜➙ ➡➛➝➝➔➙➢➛➜→❡
➣➜➭ ➠➛ ➠➓➔ ➢➟➡➣↔➣➡ ➠➣➞➔ ✁➛➜➔➵ ➟➜→ ➢➝➛→↕➡➔ ➡➛➜➠➔➜➠ ➠➓➟➠ ➝➔↔➤➔➡➠➔→ ➡➣➝➡➟→➣➟➜ ➢➟➠➠➔➝➜➙ ➛↔ ➟➡➠➣➼➣➠➦
➡➛➞➞➛➜➤➦ ➛➸➙➔➝➼➔→ ➛➜➤➣➜➔ ➧✸➲➩➫

❈✝✠t✄✠t☞ ➽➣➜➟➤➤➦➵ ➸➟➙➔→ ➛➜ ➙➣➞➢➤➔ ➜➟➠↕➝➟➤ ➤➟➜➭↕➟➭➔ ➢➝➛➡➔➙➙➣➜➭ ➝↕➤➔➙➵ ➠➓➔ ➸➛➠➙ ➟↕➠➛➞➟➠➔→ ➠➯➔➔➠❡
➣➜➭ ➟➜→ ➝➔❡➠➯➔➔➠➣➜➭ ➛↔ ➡➛➜➠➔➜➠ ➠➓➟➠ ➞➟➠➡➓➔→ ➠➓➔ ➢➔➝➙➛➜➟ →➔➼➔➤➛➢➔→ ➟➸➛➼➔➫

❆➙ ↔➣➜➟➤ ➙➠➔➢ ➛↔ ➢➓➟➙➔ ➨➵ ➠➓➔ ➸➛➠➙ ↕➜↔➛➤➤➛➯➔→ ↕➙➔➝➙ ➯➓➣➡➓ ➯➔➝➔ ➛➸➼➣➛↕➙➤➦ ➙➢➟➞✂➸➛➠ ➟➡➡➛↕➜➠➙
➣➜ ➛➝→➔➝ ➠➛ →➔➡➝➔➟➙➔ ➠➓➔➣➝ ↔➛➤➤➛➯➣➜➭✂↔➛➤➤➛➯➔→ ➝➟➠➣➛➫ ➒➛ ➣➜➼➔➙➠➣➭➟➠➔ ➠➓➔ ➻↕➟➤➣➠➦ ➛↔ ➔➟➡➓ ➸➛➠➵ ➯➔
➝➛↕➠➣➜➔➤➦ ↕➙➔→ ➠➓➔ ➛➜➤➣➜➔ ➙➔➝➼➣➡➔ ✖✌✎ ✌✎ ✑✌✎ ❆P➺ ➧✸✸➩ ✭➓➠➠➢t✂✂➠➝↕➠➓➦➫➣➜→➣➟➜➟➫➔→↕✂➸➛➠➛➝➜➛➠✂❞ ➠➛
➔➜➙↕➝➔ ➠➓➟➠ ➠➓➔ ➸➛➠➙ ➟➢➢➔➟➝➔→ ➓↕➞➟➜ ➠➛ ➙➠➟➠➔❡➛↔❡➠➓➔❡➟➝➠ ➸➛➠❡→➔➠➔➡➠➣➛➜❡➙➛↔➠➯➟➝➔➫

➺➜ ➢➓➟➙➔ ➲➵ ➠➓➔ ➸➛➠➙ ➸➔➭➟➜ ↔➛➤➤➛➯➣➜➭ ➜➛➜❡➸➛➠ ➒➯➣➠➠➔➝ ➟➡➡➛↕➜➠➙ ➯➣➠➓➣➜ ➠➓➔ ➠➟➝➭➔➠ ➟➝➔➟ ✭➳➟➜
➽➝➟➜➡➣➙➡➛✂✄➟➦ ❆➝➔➟❞➵ ➤➔➼➔➝➟➭➣➜➭ ➠➓➔ ➣➜↔➛➝➞➟➠➣➛➜ ↕➙➔➝➙ ➙➔➤↔❡➝➔➢➛➝➠➔→ ➣➜ ➠➓➔➣➝ ➒➯➣➠➠➔➝ ➢➝➛↔➣➤➔➙
✭➤➛➡➟➠➣➛➜ ➙➠➝➣➜➭❞➫ ➒➛ ➟➡➓➣➔➼➔ ➠➓➔ ➭➛➟➤ ➛↔ ➓➟➼➣➜➭ ➣➜→➣➼➣→↕➟➤➙ ➣➜ ➠➓➔ ➠➟➝➭➔➠ ➟➝➔➟ ↔➛➤➤➛➯➣➜➭ ➞↕➤➠➣➢➤➔
➸➛➠➙➵ ➠➓➔ ➸➛➠➙ ➞➟➣➜➠➟➣➜➔→ ➟ ➙➓➟➝➔→ ➤➣➙➠ ➛↔ ➒➯➣➠➠➔➝ ➟➡➡➛↕➜➠➙ ➠➓➟➠ ↔➛➤➤➛➯➔→❡➸➟➡q ➟➜➦ ➛↔ ➠➓➔ ➸➛➠➙❜
➟➜→ ➟➤➤ ➸➛➠➙ ↔➛➤➤➛➯➔→ ➠➓➛➙➔ ➝➔➟➤ ➟➡➡➛↕➜➠➙ ➛➼➔➝ ➠➓➔ ↔➛➤➤➛➯➣➜➭ →➟➦➙➫ ❆➙ ➟ ➝➔➙↕➤➠➵ ➞➟➜➦ ➒➯➣➠➠➔➝
↕➙➔➝➙ ➣➜ ➠➓➔ ➠➟➝➭➔➠ ➙➔➠ ➔➜→➔→ ↕➢ ↔➛➤➤➛➯➣➜➭ ➞↕➤➠➣➢➤➔ ➸➛➠➙ ➸➦ ➠➓➔ ➠➣➞➔ ➯➓➔➜ ➠➓➔ ➣➜➠➔➝➼➔➜➠➣➛➜➙
➛➡➡↕➝➝➔→ →↕➝➣➜➭ ➠➓➔ ➢➔➝➣➛→ ➸➔➠➯➔➔➜ ◆➛➼➔➞➸➔➝ ➨✺➠➓ ➠➛❉➔➡➔➞➸➔➝ ➲➜→➵ ➲✷➨✷➫ ➒➓➔ →➣➙➠➝➣➸↕➠➣➛➜
➛↔ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➸➛➠➙ ↔➛➤➤➛➯➔→ ➸➦ ➛➠➓➔➝ ➒➯➣➠➠➔➝ ↕➙➔➝➙ →↕➝➣➜➭ ➠➓➔ ➣➜➠➔➝➼➔➜➠➣➛➜ ➢➔➝➣➛→ ➣➙ ➙➓➛➯➜
➣➜ ➽➣➭ ➨✄➫

❙t✂t✟✠t✟❝✠ ✝♦ ✝❜✠✄❝�✄✁ ✁✂t✂☞ ➒➓➔ ↔➛➤➤➛➯➣➜➭ ➙➓➛➯➙ ➓➛➯ ➠➓➔ ➛➸➙➔➝➼➟➠➣➛➜➙➵ ➣➜➡➤↕→➣➜➭ ➠➓➔ ➔➝➝➛➝
➸➟➝➙➵ ➣➜ ➽➣➭ ✸ ➯➔➝➔ ➛➸➠➟➣➜➔→➫ ➽➛➝ ➸➛➠➓ ➳❈ ➟➜→ ❈❈➵ ➯➔ ➣➜➼➔➙➠➣➭➟➠➔ ➓➛➯ ✓✭✭➒❞ ➡➓➟➜➭➔➙ ➟➙ ➟ ↔↕➜➡❡
➠➣➛➜ ➛↔ ✒➵ ➠➓➔➜ ➣➠➔➝➟➠➔ ➛➼➔➝ ➔➟➡➓ ➛↔ ➠➓➔ ➣➜➠➔➝➼➔➜➠➣➛➜➙ ➟➜→ ↔➛➝ ➔➟➡➓ ➠➟➝➭➔➠ ↕➙➔➝ ➯➔ ➡➛➞➢↕➠➔ ➠➓➔
→➣➙➠➝➣➸↕➠➣➛➜ ➛↔ ➔➥➢➛➙↕➝➔ ➜↕➞➸➔➝➙➵ ➟➡➡➛➝→➣➜➭ ➠➛ ❊➻ ✭➲❞ ↔➛➝ ➳❈➵ ➟➜→ ➟➡➡➛➝→➣➜➭ ➠➛ ➠➓➔ P➛➣➙➙➛➜
➸➣➜➛➞➣➟➤ →➣➙➠➝➣➸↕➠➣➛➜ ➙➓➛➯➜ ➣➜ ❊➻ ✭✽❞ ↔➛➝ ❈❈➫ ➒➓➔➙➔ →➣➙➠➝➣➸↕➠➣➛➜➙ ➟➤➤➛➯ ↕➙ ➠➛ ➔➙➠➣➞➟➠➔ ➠➓➔
➜↕➞➸➔➝ ➛↔ ➝➔➠➯➔➔➠➙ ➟↔➠➔➝ ✒ ➔➥➢➛➙↕➝➔➙ ➣➜ ➠➓➔ ↔➛➤➤➛➯➣➜➭ ➯➟➦t ❈➛➜➙➣→➔➝ ➟ ➙➔➝➣➔➙ ➛↔ ➔➼➔➜➠➙ ✛✶➵ ✛✷➵
✳ ✳ ✳➵ ✛✠➵ ➔➟➡➓ ➝➔➢➝➔➙➔➜➠➣➜➭ ➟ ↕➙➔➝ ➝➔➠➯➔➔➠➣➜➭ ➟➜ ➣➜➠➔➝➼➔➜➠➣➛➜❡➝➔➤➟➠➔→ ➠➯➔➔➠➫ ➽➛➝ ➟➜ ➔➼➔➜➠ ✛✆➵ ➯➔
➓➟➼➔ ➢➝➛➸➟➸➣➤➣➠➣➔➙ ✠✆✱✶➵ ✠✆✱✷➵ ✳ ✳ ✳➵ ✠✆✱ ✠ ➛↔ ➠➓➔ ➔➼➔➜➠ ➝➔➢➝➔➙➔➜➠➣➜➭ ✒ ❂ ➨➵ ✒ ❂ ➲➵ ✳ ✳ ✳➵ ✒ ❂ ✍ ➠➝↕➔ ➔➥➢➛❡
➙↕➝➔➙➫❍➔➜➡➔➵ ➡➛➜➙➣→➔➝➣➜➭ ➟ →➣➙➡➝➔➠➔ ➼➟➤↕➔ ✒ ❂ ✚➵ ➠➓➔ ➔➼➔➜➠ ➡➟➜ ➸➔➤➛➜➭ ➠➛ ➸➣➜ ✚➯➣➠➓ ➟ ➢➝➛➸➟➸➣➤➣➠➦
✠✆✱�➵ ➟➜→ ➣➠ ➡➟➜ ➸➔➤➛➜➭ ➣➜ ➟➜➛➠➓➔➝ ➸➣➜ ➯➣➠➓ ➢➝➛➸➟➸➣➤➣➠➦ ➨ ✝ ✠✆✱�❢ ➣➫➔➫➵ ➣➠ ➣➙ →➝➟➯➜ →➝➟➯➜ ↔➝➛➞ ➟ ✄➔➝❡
➜➛↕➤➤➣ →➣➙➠➝➣➸↕➠➣➛➜ ➯➣➠➓ ✠✆ ❂ ✠✆✱� ➟➜→ s✷✂ ❼ ✠✂❀✚❹✄ ☎ ✠✂❀✚❺➫ ➳➣➞➣➤➟➝➤➦➵ ➠➓➔ ↔➛➤➤➛➯➣➜➭ ➔➼➔➜➠ ➣➙ →➝➟➯➜
↔➝➛➞ ➟➜➛➠➓➔➝ ✄➔➝➜➛↕➤➤➣ →➣➙➠➝➣➸↕➠➣➛➜ ➣➜→➔➢➔➜→➔➜➠ ➛↔ ➠➓➔ ↔➣➝➙➠➵ ➟➜→ ➙➛ ➠➓➔ →➣➙➠➝➣➸↕➠➣➛➜ ➛↔ ➔➟➡➓
➸➣➜ ↔➛➤➤➛➯➙ ➟➜➛➠➓➔➝ P➛➣➙➙➛➜ ➸➣➜➛➞➣➟➤ →➣➙➠➝➣➸↕➠➣➛➜ ➯➣➠➓ ✥ ❂ ☎✆ ✠✆ ➟➜→ s✷ ❼

P

✂s
✷
✂ ➫ ➒➓➣➙ ➢➝➛➡➔➙➙

➟➢➢➝➛➟➡➓➔➙ ➠➓➔ ➜➛➝➞➟➤ →➣➙➠➝➣➸↕➠➣➛➜N ❹♠❀ s
✷
❺➵ ➯➓➔➜ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ✄➔➝➜➛↕➤➤➣ →➝➟➯➙ ➸➔➡➛➞➔➙

➤➟➝➭➔ →↕➔ ➠➛ ➠➓➔ ➡➔➜➠➝➟➤ ➤➣➞➣➠ ➠➓➔➛➝➔➞ ✭➙➔➔ ➳➺ ❆➢➢➔➜→➣➥ ↔➛➝ →➔➠➟➣➤➙❞➫ ➒➓↕➙➵ ➡➟➜ ➯➔ ➛➸➠➟➣➜ ➟➜
➟➢➢➝➛➥➣➞➟➠➔ →➣➙➠➝➣➸↕➠➣➛➜ ↔➛➝ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➛➸➙➔➝➼➔→ ➝➔➠➯➔➔➠➙ ↔➛➝ ➔➟➡➓ ➼➟➤↕➔ ➛↔ ✒➫

❇✂✞✄✠✟✂✠ ✟✠♦✝❝✁✂t✟✝✠ ❝❝✟t✄❝✟✝✠☞ ➒➓➔ ✄➟➦➔➙➣➟➜ ➣➜↔➛➝➞➟➠➣➛➜ ➡➝➣➠➔➝➣➛➜ ✭✄➺❈❞ ➙➡➛➝➔ ➣➙ →➔↔➣➜➔→
➟➙

✞✟✆ ❼ ☎✆ ✁✡ ❹✦❺❻ ✒ ✁✡ ❹✍❺❀ ❹➨✸❺

�✸✳❃✮✲✯✮ ✽✾ ✯✽✿❂✵✮✑ ✯✽✲✻✴■✳✽✲ ✽✾ ✳✲✾✽✹✿✴✻✳✽✲ ✳✲ ✺✽✯✳✴✵ ✿✮❃✳✴➘ ✂✲ ✮✑❂✮✹✳✿✮✲✻ ❈✺✳✲■ ❆❱✳✻✻✮✹ ❏✽✻✺

➪✝➶✁➶◗� ➹ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➬➮➷➴❳✽❈✹✲✴✵✇❂✽✲✮✇❍➷●➱➷➱● ✁✮❂✻✮✿❏✮✹ ❅❅❁ ❅❍➷➮ ◆ ➴ ➷❅



➯➓➔➝➔ ✦ ➣➙ ➠➓➔ ➤➣q➔➤➣➓➛➛→ ➛↔ ➠➓➔ →➟➠➟ ➭➣➼➔➜ ➠➓➔ ➞➛→➔➤➵ ✒ ➣➙ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➞➛→➔➤ ➢➟➝➟➞➔➠➔➝➙➵
➟➜→ ✍ ➣➙ ➠➓➔ ➜↕➞➸➔➝ ➛↔ →➟➠➟ ➢➛➣➜➠➙➫❲➔ ➡➛➞➢↕➠➔ ➠➓➔ ➤➣q➔➤➣➓➛➛→ ➸➟➙➔→ ➛➜ ➠➓➔ ↔➣➠➙ ➠➛ ➠➓➔ ➜↕➞➸➔➝
➛↔ ➝➔➠➯➔➔➠➙➵ ➣➫➔➫ ↔➣➠➙ ➤➣q➔ ➠➓➛➙➔ ➙➓➛➯➜ ➣➜ ➽➣➭ ✸✄t ➽➛➝ ➔➟➡➓ ➔➥➢➛➙↕➝➔ ➜↕➞➸➔➝ ✒➵ ➯➔ ➓➟➼➔ ✭↔➝➛➞ ➛↕➝
➢➝➔➼➣➛↕➙ ➟➜➟➤➦➙➣➙❞ ➟➜ ➔➙➠➣➞➟➠➔ ➛↔ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➠➣➞➔➙➵ ✑✒➵ ➟ ↕➙➔➝ ➓➟➙ ➔➥➢➔➝➣➔➜➡➔→ ✒ ➔➥➢➛➙↕➝➔➙➫
➒➛ ➔➜➙↕➝➔ ➟ →➣➙➡➝➔➠➔ ➜↕➞➸➔➝ ➛↔ ➝➔➠➯➔➔➠➙➵ ➯➔ ➝↕➜ ➟ ➙➔➝➣➔➙ ➛↔ ➙➣➞↕➤➟➠➣➛➜➙➵ ➡➛➞➢↕➠➣➜➭ ✓✭✒�✔❞ ↔➛➝
➔➟➡➓ ➝➔➠➯➔➔➠➣➜➭ ↕➙➔➝ ➟➜→ ➟→→➣➜➭ ➨ ➠➛ ➟ ➸➣➜ ✒➵ ➯➓➣➡➓ ➣➙ ➙➔➤➔➡➠➔→ ↕➙➣➜➭ ➠➓➟➠ ➢➝➛➸➟➸➣➤➣➠➦ →➣➙➠➝➣➸↕❡
➠➣➛➜➫❲➔ →➔➜➛➠➔ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➝➔➠➯➔➔➠➙ ➣➜ ➸➣➜ ✒ ➸➦ ✍✒➵ ➟➜→ →➣➙➡➟➝→ ➸➣➜➙ ➣➜ ➯➓➣➡➓ ✍✒❁ ✺➫ ❆➙
➛↕➝ ➞➛→➔➤➙ ➢➝➛➼➣→➔ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ ✓✭✭➒�✒❞ ➛↔ ➔➟➡➓ ➔➥➢➛➙↕➝➔ ➙↕➡➡➔➔→➣➜➭ ➣➜ ➔➤➣➡➣➠➣➜➭ ➟ ➝➔➙➢➛➜➙➔
↔➝➛➞ ➠➓➔ ➔➥➢➛➙➔→ ↕➙➔➝➵ ➠➓➔ ➤➣q➔➤➣➓➛➛→ ➛↔ ➔➟➡➓ ➸➣➜ ➣➜ ➛➜➔ ➙↕➡➓ ➙➣➞↕➤➟➠➣➛➜ ➣➙ ➭➣➼➔➜ ➸➦ ➟ ➸➣➜➛➞➣➟➤
→➣➙➠➝➣➸↕➠➣➛➜➵ ➟➜→ ➠➓➔ ➠➛➠➟➤ ➤➣q➔➤➣➓➛➛→ ➣➙ ➙➣➞➢➤➦ ➠➓➔ ➢➝➛→↕➡➠ ➛↔ ➠➓➛➙➔➵ ➣➫➔➫

✦ ❼

❨

✄

✑✄

✍✄

✟ ✓

✓❹�✂❥✒❺
✠�
❹✄ ☎ ✓❹�✂❥✒❺❺

✝�✆✠�
✿ ❹➨✷❺

❲➔ ➝➔➢➔➟➠ ➠➓➣➙ ➙➣➞↕➤➟➠➣➛➜ ➨✷✸ ➠➣➞➔➙ ↔➛➝ ➸➛➠➓ ➳❈ ➟➜→ ❈❈ ↔➛➝ ➠➓➔ ↔↕➤➤ ➝➟➜➭➔ ➛↔ ➼➟➤↕➔➙ ➛↔ ✕➫

❈➍➊➐✂➏✁➑➍➊
❉➣↔↔↕➙➣➛➜ ➢➓➔➜➛➞➔➜➟ ➣➜ ➙➛➡➣➟➤ ➟➜→ ➠➔➡➓➜➛❡➙➛➡➣➟➤ ➙➦➙➠➔➞➙ ➓➟➼➔ ➟➠➠➝➟➡➠➔→ ➞↕➡➓ ➟➠➠➔➜➠➣➛➜ →↕➔
➠➛ ➠➓➔ ➣➞➢➛➝➠➟➜➡➔ ➛↔ ↕➜→➔➝➙➠➟➜→➣➜➭ →➦➜➟➞➣➡➙ ➙↕➡➓ ➟➙ →➣➙➔➟➙➔ ➢➝➛➢➟➭➟➠➣➛➜➵ ➟→➛➢➠➣➛➜ ➛↔ ➸➔➓➟➼❡
➣➛➝➙➵ ➔➞➔➝➭➔➜➡➔ ➛↔ ➡➛➜➙➔➜➙↕➙ ➟➜→ ➣➜↔➤↕➔➜➡➔➵ ➟➜→ ➣➜↔➛➝➞➟➠➣➛➜ ➙➢➝➔➟→➣➜➭ ➧➨➵ ✻➧✽➩➫ ➺➜ ➡➛➜➠➝➟➙➠ ➠➛
➞➛→➔➤➣➜➭ ➔➢➣→➔➞➣➡➙➵ ↔➛➝ ➯➓➣➡➓ ➡➤➔➟➝ ➤➟➯➙ ➓➟➼➔ ➸➔➔➜ ➞➟➠➓➔➞➟➠➣➡➟➤➤➦ ↔➛➝➞↕➤➟➠➔→ ➟➜→ ➔➞➢➣➝➣❡
➡➟➤➤➦ ➼➟➤➣→➟➠➔→ ➧➲➵ ✷➩➵ ➞➛→➔➤➣➜➭ ➟➜→ ↕➜→➔➝➙➠➟➜→➣➜➭ ➣➜↔➛➝➞➟➠➣➛➜ →➣↔↔↕➙➣➛➜ ➓➟➙ ➢➝➛➼➔→ ➡➓➟➤➤➔➜➭❡
➣➜➭➵ ➣➜ ➢➟➝➠ →↕➔ ➠➛ ➠➓➔ ➣➜➟➸➣➤➣➠➦ ➠➛ ➢➔➝↔➛➝➞ ➡➛➜➠➝➛➤➤➔→ ➔➥➢➔➝➣➞➔➜➠➙ ➟➠ ➙➡➟➤➔ ➟➜→ →↕➔ ➠➛ ➠➓➔
➟➸↕➜→➟➜➡➔ ➛↔ ➡➛➜↔➛↕➜→➣➜➭ ↔➟➡➠➛➝➙ ➠➓➟➠ ➸➣➟➙ ➛➸➙➔➝➼➟➠➣➛➜➟➤ ➙➠↕→➣➔➙ ➧➲✷➧➲✻➩➫ ➒➯➛ ➡➛➞➢➔➠➣➜➭
➓➦➢➛➠➓➔➙➣➙ ➓➟➼➔ ➸➔➔➜ →➔➸➟➠➔→➵ ➜➟➞➔➤➦ ➠➓➟➠ ➣➜↔➛➝➞➟➠➣➛➜ ➙➢➝➔➟→➙ ➟➡➡➛➝→➣➜➭ ➠➛ ➙➣➞➢➤➔ ➛➝ ➡➛➞❡

➢➤➔➥ ➡➛➜➠➟➭➣➛➜➫ ➺➜ ➠➓➣➙ ➯➛➝q ➯➔ ➠➔➙➠ ➠➓➔ ➠➯➛ ➓➦➢➛➠➓➔➙➔➙ ➸➦ ➡➝➔➟➠➣➜➭ ➟ ➡➛➜➠➝➛➤➤➔→ ➔➥➢➔➝➣➞➔➜➠➟➤
↔➝➟➞➔➯➛➝q ➛➜ ➒➯➣➠➠➔➝t ➯➔ →➔➢➤➛➦➔→ ✸✶ ➡➛➛➝→➣➜➟➠➔→ ➙➛➡➣➟➤ ➸➛➠➙ ➧➲➲➩ ➠➓➟➠ ➣➜➠➔➝➟➡➠➔→ ➯➣➠➓ ➟
➙➔➤➔➡➠➔→ ➡➛➓➛➝➠ ➛↔ ➢➟➝➠➣➡➣➢➟➜➠➙ ✭➛↕➝ ➠➟➝➭➔➠ ➢➛➢↕➤➟➠➣➛➜❞➵ ➟➜→ ➡➟➝➝➣➔→ ➛↕➠ ➟ ➼➟➝➣➔➠➦ ➛↔ ➣➜➠➔➝➼➔➜❡
➠➣➛➜➙➵ ➣➜ ➠➓➔ ↔➛➝➞ ➛↔ ➟➠➠➔➞➢➠➙ ➠➛ ➙➢➝➔➟→ ➜➔➯ ➢➛➙➣➠➣➼➔ ➞➔➙➙➟➭➔➙ ✭➣➫➔➫➵ ➞➔➞➔➙ ↔➛➝ ➙➛➡➣➟➤ ➭➛➛→❞➫
➒➓➔ ➸➛➠➙ ➝➔➡➛➝→➔→ ➠➓➔ ➸➔➓➟➼➣➛➝ ➛↔ ➠➓➔ ➠➟➝➭➔➠ ↕➙➔➝➙ ➟➜→ ➟➤➤ ➠➓➔➣➝ ➣➜➠➔➝➟➡➠➣➛➜➙ ➯➣➠➓ ➠➓➔ ➸➛➠➙ ➟➜→
➯➣➠➓ ➛➠➓➔➝ ↕➙➔➝➙➵ ➯➓➣➤➔ ➠➝➟➡q➣➜➭ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➔➥➢➛➙↕➝➔➙ ➠➛ ➔➟➡➓ ➞➔➙➙➟➭➔ ➛➼➔➝ ➟ ➢➔➝➣➛→ ➛↔
➞➛➝➔ ➠➓➟➜ ➛➜➔ ➞➛➜➠➓➫ ➒➓➔ →➟➠➟ ➯➔ ➡➛➤➤➔➡➠➔→ ➟➤➤➛➯➔→ ↕➙ ➠➛ ➠➔➙➠ ➠➯➛ ✄➟➦➔➙➣➟➜ ➞➛→➔➤➙ ➠➓➟➠ ➯➔
→➔➝➣➼➔→ ➠➛ ➡➟➢➠↕➝➔ ➠➓➔ →➣↔↔↕➙➣➛➜ →➦➜➟➞➣➡➙ ➛↔ ➙➣➞➢➤➔ ➟➜→ ➡➛➞➢➤➔➥ ➣➜↔➛➝➞➟➠➣➛➜ ➡➛➜➠➟➭➣➛➜➫ ➳➢➔❡
➡➣↔➣➡➟➤➤➦➵ ➣➜ ➛↕➝ ➡➛➞➢➤➔➥ ➡➛➜➠➟➭➣➛➜ ➞➛→➔➤➵ ➯➔ ➟➙➙↕➞➔ ➠➓➟➠ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ ➛↔ ➟→➛➢➠➣➛➜ →➔➢➔➜→➙
➛➜ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ↕➜➣➻↕➔ ➙➛↕➝➡➔➙ ➛↔ ➣➜↔➛➝➞➟➠➣➛➜➵ ➝➟➠➓➔➝ ➠➓➟➜ ➠➓➔ ➜↕➞➸➔➝ ➛↔ ➔➥➢➛➙↕➝➔➙➫

➒➓➔ ➙➠➟➠➣➙➠➣➡➟➤ ➔➼➣→➔➜➡➔ ➡➤➔➟➝➤➦ ➙➓➛➯➙ ➠➓➟➠ ➠➓➔ ➡➛➞➢➤➔➥ ➡➛➜➠➟➭➣➛➜ ➞➛→➔➤ ➣➙ ➟ ➸➔➠➠➔➝ ➔➥➢➤➟➜➟❡
➠➣➛➜ ↔➛➝ ➠➓➔ ➛➸➙➔➝➼➔→ →➟➠➟ ➠➓➟➜ ➠➓➔ ➙➣➞➢➤➔ ➡➛➜➠➟➭➣➛➜ ➞➛→➔➤➫ ➒➓➣➙ ➣➞➢➤➣➔➙ ➠➓➟➠ ➔➥➢➛➙↕➝➔➙ ↔➝➛➞
➞↕➤➠➣➢➤➔ ➙➛↕➝➡➔➙ ➣➞➢➟➡➠➙ ➠➓➔ ➢➝➛➸➟➸➣➤➣➠➦ ➛↔ ➙➢➝➔➟→➣➜➭ ➟ ➭➣➼➔➜ ➢➣➔➡➔ ➛↔ ➣➜↔➛➝➞➟➠➣➛➜➫ ➒➓➣➙
➠➓➝➔➙➓➛➤→ ➞➔➡➓➟➜➣➙➞ →➣↔↔➔➝➙ ➙➣➭➜➣↔➣➡➟➜➠➤➦ ↔➝➛➞➵ ➙➟➦➵ ➠➓➔ ➙➢➝➔➟→➣➜➭ ➛↔ ➟ ➼➣➝↕➙➵ ➯➓➔➝➔ ➞➟➜➦
➔➥➢➛➙↕➝➔➙ ↔➝➛➞ ➟ ➙➣➜➭➤➔ ➙➛↕➝➡➔ ➟➝➔ ➙↕↔↔➣➡➣➔➜➠ ➠➛ ➣➜➡➝➔➟➙➔ ➢➝➛➸➟➸➣➤➣➠➦ ➛↔ ➣➜↔➔➡➠➣➛➜➫ ❆ ➼➟➝➣➔➠➦ ➛↔
➔➥➢➤➟➜➟➠➣➛➜➙ ↔➛➝ ➠➓➔ ➡➛➞➢➤➔➥ ➡➛➜➠➟➭➣➛➜ ➓➦➢➛➠➓➔➙➣➙ ➓➟➼➔ ➸➔➔➜ ➢➝➛➢➛➙➔→ ➣➜ ➙➛➡➣➟➤ ➠➓➔➛➝➦➵
➣➜➡➤↕→➣➜➭ ➙➛➡➣➟➤ ➝➔➣➜↔➛➝➡➔➞➔➜➠ ➟➜→ ➙➛➡➣➟➤ ➣➜↔➤↕➔➜➡➔➵ ➔➡➓➛ ➡➓➟➞➸➔➝➙➵ ➓↕➞➟➜ ➡➛➭➜➣➠➣➼➔ ➤➣➞➣➠➙➵
➔➠➡➫ ➧➨➵ ✸➵ ✶➧➨➨➵ ➨✸➵ ➨✶➩➫❲➓➣➤➔ ➛↕➝ ➯➛➝q ➣→➔➜➠➣↔➣➔➙ ➠➓➔ ➠➦➢➔ ➛↔ ➞➔➡➓➟➜➣➙➞ ➟➡➡➛➝→➣➜➭ ➠➛ ➯➓➣➡➓
➣➜↔➛➝➞➟➠➣➛➜ ➙➢➝➔➟→➙ ↔➝➛➞ ➢➔➝➙➛➜ ➠➛ ➢➔➝➙➛➜➵ ➞↕➡➓ ➯➛➝q ➣➙ ➙➠➣➤➤ ➜➔➔→➔→ ➠➛ →➣➙➡➝➣➞➣➜➟➠➔ ➯➓➣➡➓
↔➟➡➠➛➝➙ →➝➣➼➔ ➠➓➣➙ ➢➓➔➜➛➞➔➜➛➜➫❲➔ ➔➥➢➔➡➠ ➠➓➟➠ ↔↕➠↕➝➔ ➯➛➝q ➯➣➤➤ ➔➥➢➤➛➝➔ ➠➓➔➙➔ ↔➟➡➠➛➝➙ ➟➜→ ↔↕➝❡
➠➓➔➝ →➣➙➔➜➠➟➜➭➤➔ ➟➜→ ➔➥➢➤➟➣➜ ➠➓➔ →➦➜➟➞➣➡➙ ➛↔ ➓↕➞➟➜ ➡➛➞➞↕➜➣➡➟➠➣➛➜ ➣➜ ➙➛➡➣➟➤ ➜➔➠➯➛➝q➙➫
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❙☎❆☎☎✄✠✁✟✟☞ ❊♦♦✟❝✟✄✠t✆✞ ✡✄✠✄❝✂t✟✠✡ ✉✠✟✆✉✄ ✉✠✝❝✁✄❝✄✁ ✠✉❜✠✄t✠☞ ❊➥➢➤➟➣➜➙ ➟➜→ ➔➼➟➤↕➟➠➔➙ ➠➓➔
➢➝➛➡➔→↕➝➔ ↕➙➔→ ➠➛ ➔↔↔➣➡➣➔➜➠➤➦ ➭➔➜➔➝➟➠➔ ↕➜➛➝→➔➝➔→ ➙↕➸➙➔➠➙➫
✭P❉➽❞
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➛↔ ➟●➟↕➙➙➣➟➜ ➟➢➢➝➛➥➣➞➟➠➣➛➜ ➠➛ ➠➓➔ P➛➣➙➙➛➜ ➸➣➜➛➞➣➟➤ →➣➙➠➝➣➸↕➠➣➛➜➫
✭P❉➽❞

❙✞❆☎☎✄✠✁✟✟☞◆✝t✄ ✝✠ ✁✂t✂ ❝✝✆✆✄❝t✟✝✠☞ ❉➔➙➡➝➣➸➔➙ ➠➓➔ ➢➝➛➡➔→↕➝➔ ↔➛➝ ➝➔➡➛➝→➣➜➭ ➠➓➔ →➟➠➟➫
✭P❉➽❞

❆➏➋�➍➌❈➍➊➋➌➑❈➏➋➑➍➊✁

❈✝✠❝✄☎t✉✂✆✟✟✂t✟✝✠✠ P➣➛➠➝ ➳➟➢➣➔☛➦☞➙q➣➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➵ ➳↕➜➔ ▲➔➓➞➟➜➜➫

❉✂t✂ ❝✉❝✂t✟✝✠✠ P➣➛➠➝ ➳➟➢➣➔☛➦☞➙q➣➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➵ ➳↕➜➔ ▲➔➓➞➟➜➜➫

❋✝❝✁✂✆ ✂✠✂✆✞✠✟✠✠ ✄♠➟➝q➔�✌➜➙➠➔→➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➵ ➳↕➜➔ ▲➔➓➞➟➜➜➫

■✠�✄✠t✟✡✂t✟✝✠✠ ✄♠➟➝q➔�✌➜➙➠➔→➵ P➣➛➠➝ ➳➟➢➣➔☛➦☞➙q➣➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➵ ➳↕➜➔ ▲➔➓➞➟➜➜➫

▼✄t☛✝✁✝✆✝✡✞✠ ✄♠➟➝q➔�✌➜➙➠➔→➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➵ ➳↕➜➔ ▲➔➓➞➟➜➜➫

P❝✝✡✄❝t ✂✁✁✟✠✟✠t❝✂t✟✝✠✠ P➣➛➠➝ ➳➟➢➣➔☛➦☞➙q➣➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➵ ➳↕➜➔ ▲➔➓➞➟➜➜➫

❙✝♦t☛✂❝✄✠ ✄♠➟➝q➔�✌➜➙➠➔→➵ P➣➛➠➝ ➳➟➢➣➔☛➦☞➙q➣➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➫

❙✉☎✄❝�✟✠✟✝✠✠ P➣➛➠➝ ➳➟➢➣➔☛➦☞➙q➣➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➵ ➳↕➜➔ ▲➔➓➞➟➜➜➫

❱✟✠✉✂✆✟✟✂t✟✝✠✠ ✄♠➟➝q➔�✌➜➙➠➔→➵ P➣➛➠➝ ➳➟➢➣➔☛➦☞➙q➣➫

❲❝✟t✟✠✡ ➧ ✝❝✟✡✟✠✂✆ ✁❝✂♦t✠ ✄♠➟➝q➔�✌➜➙➠➔→➵ P➣➛➠➝ ➳➟➢➣➔☛➦☞➙q➣➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➵ ➳↕➜➔ ▲➔➓➞➟➜➜➫

❲❝✟t✟✠✡ ➧ ❝✄�✟✄☛ ✫ ✄✁✟t✟✠✡✠ ✄♠➟➝q➔�✌➜➙➠➔→➵ P➣➛➠➝ ➳➟➢➣➔☛➦☞➙q➣➵ ❊➞➣➤➣➛ ➽➔➝➝➟➝➟➵ ➳↕➜➔
▲➔➓➞➟➜➜➫

❘�✐�➌�➊➐�✁
✭✟ ✄✴✺✻✮✵✵✴✲✽✄❁ ✓✽✹✻❈✲✴✻✽ ✁❁ ✝✽✹✮✻✽☞✇ ✁✻✴✻✳✺✻✳✯✴✵ ❂✰✼✺✳✯✺ ✽✾ ✺✽✯✳✴✵ ❃✼✲✴✿✳✯✺✇ ❘✮✸✳✮❱✺ ✽✾ ✿✽❃✮✹✲ ❂✰✼✺✳✯✺✇

❅❍❍◆✷ ●➷✭❅✏➘✎◆➷✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➷❍➬➴❘✮✸❄✽❃➪✰✼✺✇●➷✇✎◆➷
❑✟ ●✽✾✾✿✴✲✌❁ ◗✮❱✳✵✵ ☞✇●✮✲✮✹✴✵✳✍✴✻✳✽✲ ✽✾ ✮❂✳❃✮✿✳✯ ✻✰✮✽✹✼✇ ◗✴✻❈✹✮✇ ➷◆✡➱✷ ❅❍➱✭➱◆✎✎✏➘❅❅✎✿❅❅●✇ ✰✻✻❂✺➘➴➴❃✽✳✇

✽✹■➴➷❍✇➷❍➬●➴❅❍➱❅❅✎✴❍ ➪❄✆❉➘ ➷➱❅➷❅➱➷❅
❖✟ ●✹✴✲✽✸✮✻✻✮✹ ❄✇ ❆✰✹✮✺✰✽✵❃ ✿✽❃✮✵✺ ✽✾ ✯✽✵✵✮✯✻✳✸✮ ❏✮✰✴✸✳✽✹✇ ✂✿✮✹✳✯✴✲ ❳✽❈✹✲✴✵ ✽✾ ✺✽✯✳✽✵✽■✼✇ ➷◆➮●✷ ❂✇ ➷➱❅❍✿

➷➱➱➬✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍●✡➴❅❅✡➮❍➮
✹✟ ❉✴✵✮✼ ❉❉❁ ❑✮✲❃✴✵✵ ❉●✇ �❂✳❃✮✿✳✯✺ ✴✲❃ ✹❈✿✽❈✹✺✇ ◗✴✻❈✹✮✇ ➷◆✡➱✷ ❅❍➱✭➱◆✡➬✏➘➷➷➷●✿➷➷➷●✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴

➷❍✇➷❍➬●➴❅❍➱➷➷➷●✴❍ ➪❄✆❉➘ ➷➱❅➱➬➱❍●
✺✟ ❉✴✵✮✼ ❉❁ ❑✮✲❃✴✵✵ ❉●✇ ✁✻✽✯✰✴✺✻✳✯ ✹❈✿✽❈✹✺✇ ✆❄✂ ❉✽❈✹✲✴✵ ✽✾ ✂❂❂✵✳✮❃ ❄✴✻✰✮✿✴✻✳✯✺✇ ➷◆✡✎✷ ➷✭➷✏➘➱❅✿✎✎✇

✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍◆➬➴✳✿✴✿✴✻➴➷✇➷✇➱❅
✻✟ ✄✮✲✻✽✵✴ ❉❁ ❄✴✯✼ ❄✇ ✄✽✿❂✵✮✑ ✯✽✲✻✴■✳✽✲✺ ✴✲❃ ✻✰✮ ❱✮✴❀✲✮✺✺ ✽✾ ✵✽✲■ ✻✳✮✺✇ ✂✿✮✹✳✯✴✲ ❳✽❈✹✲✴✵ ✽✾ ✁✽✯✳✽✵✽■✼✇

❅❍❍➮✷ ➷➷➬✭➬✏➘➮❍❅✿➮➬➱✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍●✡➴✎❅➷●➱●
✼✟ ✄✮✲✻✽✵✴ ❉✇ ❆✰✮ ✺❂✹✮✴❃ ✽✾ ❏✮✰✴✸✳✽✹ ✳✲ ✴✲ ✽✲✵✳✲✮ ✺✽✯✳✴✵ ✲✮✻❱✽✹❀ ✮✑❂✮✹✳✿✮✲✻✇ ✁✯✳✮✲✯✮✇ ❅❍➷❍✷ ➬❅◆

✭✎◆◆✡✏➘➷➷◆➱✿➷➷◆➮✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➷❅✡➴✺✯✳✮✲✯✮✇➷➷●✎❅➬➷ ➪❄✆❉➘ ❅❍●➷➬◆✎❅
✽✟ ➶✲✲✮✵✴ ❉➪❁ ❘✮✮❃❘❆✺✽✯✰✴✺ ✓✇ ✁❂✽✲✻✴✲✮✽❈✺ ✮✿✮✹■✮✲✯✮ ✽✾ ✺✽✯✳✴✵ ✳✲✾✵❈✮✲✯✮ ✳✲ ✽✲✵✳✲✮ ✺✼✺✻✮✿✺✇ ➪✹✽✯✮✮❃❘

✳✲■✺ ✽✾ ✻✰✮ ◗✴✻✳✽✲✴✵ ✂✯✴❃✮✿✼ ✽✾ ✁✯✳✮✲✯✮✺✇ ❅❍➷❍✷ ➷❍➮✭➱➬✏➘➷●➬➮✎✿➷●➬●❍✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍➮➬➴❂✲✴✺✇
❍◆➷➱✎➮❅➷❍➮

✾✟ ❘✽✿✮✹✽❉❄❁ ❄✮✮❃✮✹ ❲❁❑✵✮✳✲❏✮✹■ ❉✇ ❉✳✾✾✮✹✮✲✯✮✺ ✳✲ ✻✰✮ ✿✮✯✰✴✲✳✯✺ ✽✾ ✳✲✾✽✹✿✴✻✳✽✲ ❃✳✾✾❈✺✳✽✲ ✴✯✹✽✺✺ ✻✽❂✳✯✺➘
✳❃✳✽✿✺❁ ❂✽✵✳✻✳✯✴✵ ✰✴✺✰✻✴■✺❁ ✴✲❃ ✯✽✿❂✵✮✑ ✯✽✲✻✴■✳✽✲ ✽✲ ✻❱✳✻✻✮✹✇ ✆✲➘ ➪✹✽✯✮✮❃✳✲■✺ ✽✾ ✻✰✮ ❅❍✻✰ ✳✲✻✮✹✲✴✻✳✽✲✴✵
✯✽✲✾✮✹✮✲✯✮ ✽✲✌✽✹✵❃ ❱✳❃✮ ❱✮❏✇ ✂✄❄✷ ❅❍➷➷✇ ❂✇ ✡◆✎✿➮❍➱✇

�✸✳❃✮✲✯✮ ✽✾ ✯✽✿❂✵✮✑ ✯✽✲✻✴■✳✽✲ ✽✾ ✳✲✾✽✹✿✴✻✳✽✲ ✳✲ ✺✽✯✳✴✵ ✿✮❃✳✴➘ ✂✲ ✮✑❂✮✹✳✿✮✲✻ ❈✺✳✲■ ❆❱✳✻✻✮✹ ❏✽✻✺

➪✝➶✁➶◗� ➹ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➬➮➷➴❳✽❈✹✲✴✵✇❂✽✲✮✇❍➷●➱➷➱● ✁✮❂✻✮✿❏✮✹ ❅❅❁ ❅❍➷➮ ➷➷ ➴ ➷❅



✭✶✟ ❲✽✲❃ ❘❄❁ ✓✴✹✳✺✺ ✄❉❁ ❉✽✲✮✺ ❉❉❁ ❑✹✴✿✮✹ ✂❉❁ ❄✴✹✵✽❱ ✄❁ ✁✮✻✻✵✮ ❉�❁ ✮✻ ✴✵✇ ✂ ✡➷❘✿✳✵✵✳✽✲❘❂✮✹✺✽✲ ✮✑❂✮✹✳✿✮✲✻
✳✲ ✺✽✯✳✴✵ ✳✲✾✵❈✮✲✯✮ ✴✲❃ ❂✽✵✳✻✳✯✴✵ ✿✽❏✳✵✳✍✴✻✳✽✲✇ ◗✴✻❈✹✮✇ ❅❍➷❅✷ ➱●◆✭➮➱➷✎✏➘❅◆✎✿❅◆●✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍➬●➴
✲✴✻❈✹✮➷➷➱❅➷ ➪❄✆❉➘ ❅❅◆➮❅➬❍❍

✭✭✟ ❯■✴✲❃✮✹ ❉❁ ❲✴✯❀✺✻✹✽✿ ✝❁ ❄✴✹✵✽❱ ✄❁ ❑✵✮✳✲❏✮✹■ ❉✇ ✁✻✹❈✯✻❈✹✴✵ ❃✳✸✮✹✺✳✻✼ ✳✲ ✺✽✯✳✴✵ ✯✽✲✻✴■✳✽✲✇ ➪✹✽✯✮✮❃✳✲■✺ ✽✾
✻✰✮ ◗✴✻✳✽✲✴✵ ✂✯✴❃✮✿✼ ✽✾ ✁✯✳✮✲✯✮✺✇ ❅❍➷❅✷ ➷❍◆✭➷✡✏➘✎◆✡❅✿✎◆✡✡✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍➮➬➴❂✲✴✺✇
➷➷➷✡✎❍❅➷❍◆

✭❑✟ ✌✮✲■ ✝❁ ❄✮✲✯✍✮✹ ✓❁ ✂✰✲❨❨✇ ☞✳✹✴✵✳✻✼ ❂✹✮❃✳✯✻✳✽✲ ✴✲❃ ✯✽✿✿❈✲✳✻✼ ✺✻✹❈✯✻❈✹✮ ✳✲ ✺✽✯✳✴✵ ✲✮✻❱✽✹❀✺✇ ✁✯✳✮✲✻✳✾✳✯
✹✮❂✽✹✻✺✇ ❅❍➷➬✷ ➬✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍➬●➴✺✹✮❂❍❅✎❅❅

✭❖✟ ❄❈✯✰✲✳❀ ✝❁ ✂✹✴✵ ✁❁ ❆✴✼✵✽✹ ✁❉✇ ✁✽✯✳✴✵ ✳✲✾✵❈✮✲✯✮ ❏✳✴✺➘ ✂ ✹✴✲❃✽✿✳✍✮❃ ✮✑❂✮✹✳✿✮✲✻✇ ✁✯✳✮✲✯✮✇ ❅❍➷➬✷ ➬➱➷
✭✡➷➱✡✏➘✡➱➮✿✡✎➷✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➷❅✡➴✺✯✳✮✲✯✮✇➷❅➱❍➱✡✡ ➪❄✆❉➘ ❅➬◆❅◆◆●❍

✭✹✟ ❑✴✹✺✴✳ ❄❁ ✆�✳■❈✮✍ ●❁ ❑✴✺❀✳ ❑❁ ❑✮✹✻✮➶✺✍ ❉✇ ✄✽✿❂✵✮✑ ✯✽✲✻✴■✳✽✲ ❂✹✽✯✮✺✺ ✳✲ ✺❂✹✮✴❃✳✲■ ✽✾ ✽✲✵✳✲✮ ✳✲✲✽✸✴✻✳✽✲✇
❉✽❈✹✲✴✵ ✽✾ ❆✰✮ ❘✽✼✴✵ ✁✽✯✳✮✻✼ ✆✲✻✮✹✾✴✯✮✇ ❅❍➷➱✷ ➷➷✭➷❍➷✏➘❅❍➷➱❍✡◆➱✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍◆●➴✹✺✳✾✇❅❍➷➱✇
❍✡◆➱

✭✺✟ ❑✹✴✿✮✹ ✂❉❁●❈✳✵✵✽✹✼ ❉�❁ ☎✴✲✯✽✯❀ ❉❆✇ �✑❂✮✹✳✿✮✲✻✴✵ ✮✸✳❃✮✲✯✮ ✽✾ ✿✴✺✺✳✸✮❘✺✯✴✵✮ ✮✿✽✻✳✽✲✴✵ ✯✽✲✻✴■✳✽✲
✻✰✹✽❈■✰ ✺✽✯✳✴✵ ✲✮✻❱✽✹❀✺✇ ➪✹✽✯✮✮❃✳✲■✺ ✽✾ ✻✰✮ ◗✴✻✳✽✲✴✵ ✂✯✴❃✮✿✼ ✽✾ ✁✯✳✮✲✯✮✺✇ ❅❍➷➱✷ ➷➷➷✭❅➱✏➘●➮●●✿●➮◆❍✇
✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍➮➬➴❂✲✴✺✇➷➬❅❍❍➱❍➷➷➷

✭✻✟ ☎✽❃✴✺ ◗➶❁ ✝✮✹✿✴✲ ❑✇ ❆✰✮ ✁✳✿❂✵✮ ❘❈✵✮✺ ✽✾ ✁✽✯✳✴✵ ✄✽✲✻✴■✳✽✲✇ ✁✯✳✮✲✻✳✾✳✯ ❘✮❂✽✹✻✺✇ ❅❍➷➱✷ ➱➘➱➬➱➬✇ ✰✻✻❂✺➘➴➴
❃✽✳✇✽✹■➴➷❍✇➷❍➬●➴✺✹✮❂❍➱➬➱➬ ➪❄✆❉➘ ❅➱✡➷➱➬❍➷

✭✼✟ ✓✮✹✹✴✹✴ �❁ ❨✴✲■ ❩✇ ❄✮✴✺❈✹✳✲■ ✮✿✽✻✳✽✲✴✵ ✯✽✲✻✴■✳✽✲ ✳✲ ✺✽✯✳✴✵ ✿✮❃✳✴✇ ➪✵✽✁ ✽✲✮✇ ❅❍➷✎✷ ➷❍✭➷➷✏➘✮❍➷➱❅➬◆❍✇
✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➬➮➷➴❳✽❈✹✲✴✵✇❂✽✲✮✇❍➷➱❅➬◆❍ ➪❄✆❉➘ ❅✡✎➱➱✡●●

✭✽✟ ●✽✮✵ ✁❁ ✂✲❃✮✹✺✽✲ ✂❁ ☎✽✾✿✴✲ ❉❁✌✴✻✻✺ ❉❉✇ ❆✰✮ ✺✻✹❈✯✻❈✹✴✵ ✸✳✹✴✵✳✻✼ ✽✾ ✽✲✵✳✲✮ ❃✳✾✾❈✺✳✽✲✇ ❄✴✲✴■✮✿✮✲✻ ✁✯✳❘
✮✲✯✮✇ ❅❍➷✎✷ ✡❅✭➷✏➘➷●❍✿➷◆✡✇

✭✾✟ ✝✮✹✿✴✲ ❑✇ ✆✲✾✽✹✿✴✻✳✽✲ ✆✺ ◗✽✻ ✴ ☞✳✹❈✺❁ ✴✲❃ ➶✻✰✮✹ ✄✽✲✺✮❡❈✮✲✯✮✺ ✽✾ ☎❈✿✴✲ ✄✽■✲✳✻✳✸✮ ✝✳✿✳✻✺✇ ✓❈✻❈✹✮
✆✲✻✮✹✲✮✻✇ ❅❍➷✡✷ ●✭❅✏➘❅➷✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➬➬◆❍➴✾✳●❍❅❍❍❅➷

❑✶✟ ✄✴✿❂❏✮✵✵ �❁ ✁✴✵✴✻✰✮➶ ❄✇ ✄✽✿❂✵✮✑ ✺✽✯✳✴✵ ✯✽✲✻✴■✳✽✲✿✴❀✮✺ ✲✮✻❱✽✹❀✺ ✿✽✹✮ ✸❈✵✲✮✹✴❏✵✮ ✻✽ ❃✳✺✮✴✺✮ ✽❈✻❘
❏✹✮✴❀✺✇ ✁✯✳✮✲✻✳✾✳✯ ✹✮❂✽✹✻✺✇ ❅❍➷➬✷ ➬✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍➬●➴✺✹✮❂❍➷◆❍✎ ➪❄✆❉➘ ❅➬➮➷❅➮✎●

❑✭✟ ✁❈❏✹✴✰✿✴✲✳✴✲☞❁ ✂✍✴✹✳✴ ✂❁ ❉❈✹✺✻ ✁❁ ❑✴■✴✲☞❁●✴✵✺✻✼✴✲ ✂❁ ✝✮✹✿✴✲❑❁ ✮✻ ✴✵✇ ❆✰✮ ❉✂❘➪✂ ❆❱✳✻✻✮✹ ❲✽✻
✄✰✴✵✵✮✲■✮✇ ✄✽✿❂❈✻✮✹✇ ❅❍➷✡✷ ➱◆✭✡✏➘➬●✿➱✡✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➷❍◆➴❄✄✇❅❍➷✡✇➷●➬

❑❑✟ ✓✮✹✹✴✹✴ �❁ ☞✴✹✽✵ ➶❁ ❉✴✸✳✺ ✄❁ ❄✮✲✯✍✮✹ ✓❁ ✓✵✴✿✿✳✲✳ ✂✇ ❆✰✮ ✹✳✺✮ ✽✾ ✺✽✯✳✴✵ ❏✽✻✺✇ ✄✽✿✿❈✲✳✯✴✻✳✽✲✺ ✽✾ ✻✰✮
✂✄❄✇ ❅❍➷✡✷ ✎◆✭➮✏➘◆✡✿➷❍➱✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➷➱✎➴❅●➷●➮➷➮

❑❖✟ ✝✮✰✿✴✲ ✁❁ ✁✴❂✳✮✍✼✲✺❀✳ ➪✇ ★❲✴✲❀✺✼✆✲❲✽✺✻✽✲ ✽✹ ★❲✽✻✺✆✲✄✽❂✮✲✰✴■✮✲❄✷ ❅❍➷➱✇ ✂✸✴✳✵✴❏✵✮ ✾✹✽✿➘ ✰✻✻❂➘➴➴
❱❱❱✇✴✴✴✳✇✽✹■➴✁✼✿❂✽✺✳✴➴✁❂✹✳✲■➴✺✺✺➷➱✺✼✿❂✽✺✳✴✇❂✰❂★✺✺❍●

❑✹✟ ❄✯➪✰✮✹✺✽✲❄❁ ✁✿✳✻✰❘✝✽✸✳✲ ✝❁ ✄✽✽❀ ❉❄✇ ❲✳✹❃✺ ✽✾ ✴ ✾✮✴✻✰✮✹➘ ☎✽✿✽❂✰✳✵✼ ✳✲ ✺✽✯✳✴✵ ✲✮✻❱✽✹❀✺✇ ✂✲✲❈✴✵ ✹✮✸✳✮❱
✽✾ ✺✽✯✳✽✵✽■✼✇ ❅❍❍➷✷ ❂✇ ➱➷✎✿➱➱➱✇

❑✺✟ ✂✹✴✵ ✁❁ ❄❈✯✰✲✳❀ ✝❁ ✁❈✲❃✴✹✴✹✴❳✴✲ ✂✇ ❉✳✺✻✳✲■❈✳✺✰✳✲■ ✳✲✾✵❈✮✲✯✮❘❏✴✺✮❃ ✯✽✲✻✴■✳✽✲ ✾✹✽✿ ✰✽✿✽❂✰✳✵✼❘❃✹✳✸✮✲
❃✳✾✾❈✺✳✽✲ ✳✲ ❃✼✲✴✿✳✯ ✲✮✻❱✽✹❀✺✇ ➪✹✽✯✮✮❃✳✲■✺ ✽✾ ✻✰✮ ◗✴✻✳✽✲✴✵ ✂✯✴❃✮✿✼ ✽✾ ✁✯✳✮✲✯✮✺✇ ❅❍❍◆✷ ➷❍✡
✭✎➷✏➘❅➷✎➱➱✿❅➷✎➱◆✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍➮➬➴❂✲✴✺✇❍◆❍●●❍❍➷❍✡

❑✻✟ ✁✰✴✵✳✍✳ ✄❘❁ ❆✰✽✿✴✺ ✂✄✇ ☎✽✿✽❂✰✳✵✼ ✴✲❃ ✯✽✲✻✴■✳✽✲ ✴✹✮ ■✮✲✮✹✳✯✴✵✵✼ ✯✽✲✾✽❈✲❃✮❃ ✳✲ ✽❏✺✮✹✸✴✻✳✽✲✴✵ ✺✽✯✳✴✵
✲✮✻❱✽✹❀ ✺✻❈❃✳✮✺✇ ✁✽✯✳✽✵✽■✳✯✴✵ ✿✮✻✰✽❃✺ ✫ ✹✮✺✮✴✹✯✰✇ ❅❍➷➷✷ ➱❍✭❅✏➘❅➷➷✿❅➬◆✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➷➮➮➴
❍❍➱◆➷❅➱➷➷➷➱❍➱●❅❍

❑✼✟ ✌✴✲■ ❨☎✇ ➶✲ ✻✰✮ ✲❈✿❏✮✹ ✽✾ ✺❈✯✯✮✺✺✮✺ ✳✲ ✳✲❃✮❂✮✲❃✮✲✻ ✻✹✳✴✵✺✇ ✁✻✴✻✳✺✻✳✯✴ ✁✳✲✳✯✴✇ ➷◆◆➬✷ ❂✇ ❅◆✎✿➬➷❅✇
❑✽✟ ❲✴✺✰✮✮✹ ✆❁ ☎✴❳✿✮✮✹ ❄✇ ✂✹✻✳✾✳✯✳✴✵ ✲✮❈✹✴✵ ✲✮✻❱✽✹❀✺➘ ✾❈✲❃✴✿✮✲✻✴✵✺❁ ✯✽✿❂❈✻✳✲■❁ ❃✮✺✳■✲❁ ✴✲❃ ✴❂❂✵✳✯✴✻✳✽✲✇

❉✽❈✹✲✴✵ ✽✾ ✿✳✯✹✽❏✳✽✵✽■✳✯✴✵ ✿✮✻✰✽❃✺✇ ❅❍❍❍✷ ➱➬✭➷✏➘➬✿➬➷✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷❍➷✡➴✁❍➷✡➮❘➮❍➷❅✭❍❍✏❍❍❅❍➷❘➬
➪❄✆❉➘ ➷➷❍●➱❅❅✎

❑✾✟ ✁✰✳ ❨❁ �❏✮✹✰✴✹✻ ❘❁ ✄✰✮✲ ❨✇ ✆✿❂✵✮✿✮✲✻✴✻✳✽✲ ✽✾ ✮✸✽✵❈✻✳✽✲✴✹✼ ✾❈✍✍✼ ✺✼✺✻✮✿✺✇ ✆��� ❆✹✴✲✺✴✯✻✳✽✲✺ ✽✲ ✓❈✍✍✼
✁✼✺✻✮✿✺✇ ➷◆◆◆✷ ➮✭❅✏➘➷❍◆✿➷➷◆✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➷❍◆➴◆➷✇➮✎✎➬◆➬

❖✶✟ ✁✯✰❱✴✹✍ ●✇ �✺✻✳✿✴✻✳✲■ ✻✰✮ ❃✳✿✮✲✺✳✽✲ ✽✾ ✴ ✿✽❃✮✵✇ ❆✰✮ ✴✲✲✴✵✺ ✽✾ ✺✻✴✻✳✺✻✳✯✺✇ ➷◆➮●✷✇
❖✭✟ ❘✴✾✻✮✹✼ ✂✇ ❲✴✼✮✺✳✴✲ ✿✽❃✮✵ ✺✮✵✮✯✻✳✽✲ ✳✲ ✺✽✯✳✴✵ ✹✮✺✮✴✹✯✰✇ ✁✽✯✳✽✵✽■✳✯✴✵ ✿✮✻✰✽❃✽✵✽■✼✇ ➷◆◆✎✷✇
❖❑✟ ●✽✵❃✮✹ ✁✂❁ ❄✴✯✼ ❄✌✇ ❉✳❈✹✲✴✵ ✴✲❃ ✺✮✴✺✽✲✴✵ ✿✽✽❃ ✸✴✹✼ ❱✳✻✰ ❱✽✹❀❁ ✺✵✮✮❂❁ ✴✲❃ ❃✴✼✵✮✲■✻✰ ✴✯✹✽✺✺ ❃✳✸✮✹✺✮

✯❈✵✻❈✹✮✺✇ ✁✯✳✮✲✯✮✇ ❅❍➷➷✷ ➬➬➬✭✡❍✎➷✏➘➷●➮●✿➷●●➷✇ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➷❅✡➴✺✯✳✮✲✯✮✇➷❅❍❅➮➮✎ ➪❄✆❉➘
❅➷◆✡❍✡➬➬

❖❖✟ ❉✴✸✳✺ ✄✂❁☞✴✹✽✵ ➶❁ ✓✮✹✹✴✹✴ �❁ ✓✵✴✿✿✳✲✳ ✂❁ ❄✮✲✯✍✮✹ ✓✇ ❲✽✻✽✹✲✽✻➘ ✂ ✺✼✺✻✮✿ ✻✽ ✮✸✴✵❈✴✻✮ ✺✽✯✳✴✵ ❏✽✻✺✇ ✆✲➘
➪✹✽✯✮✮❃✳✲■✺ ✽✾ ✻✰✮ ❅✎✻✰ ✆✲✻✮✹✲✴✻✳✽✲✴✵ ✄✽✲✾✮✹✮✲✯✮✄✽✿❂✴✲✳✽✲ ✽✲✌✽✹✵❃✌✳❃✮✌✮❏✇ ✆✲✻✮✹✲✴✻✳✽✲✴✵✌✽✹✵❃
✌✳❃✮✌✮❏ ✄✽✲✾✮✹✮✲✯✮✺ ✁✻✮✮✹✳✲■ ✄✽✿✿✳✻✻✮✮✷ ❅❍➷✡✇ ❂✇ ❅➮➬✿❅➮➱✇

�✸✳❃✮✲✯✮ ✽✾ ✯✽✿❂✵✮✑ ✯✽✲✻✴■✳✽✲ ✽✾ ✳✲✾✽✹✿✴✻✳✽✲ ✳✲ ✺✽✯✳✴✵ ✿✮❃✳✴➘ ✂✲ ✮✑❂✮✹✳✿✮✲✻ ❈✺✳✲■ ❆❱✳✻✻✮✹ ❏✽✻✺

➪✝➶✁➶◗� ➹ ✰✻✻❂✺➘➴➴❃✽✳✇✽✹■➴➷❍✇➷➬➮➷➴❳✽❈✹✲✴✵✇❂✽✲✮✇❍➷●➱➷➱● ✁✮❂✻✮✿❏✮✹ ❅❅❁ ❅❍➷➮ ➷❅ ➴ ➷❅
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■✞ ✟❤✠ ❢♦✡✡♦✇✐✞❣☛ ✇✠ ♦☞✟✡✐✞✠ ✌✞ ✠✎✏✐✠✞✟ ♠✠✟❤♦❞ ✟♦ ✏♦♠✑☞✟✠ ✟❤✠ P♦✐ss♦✞
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❲✠ ♦❜s✠✒✈✠ ✟❤✌✟ ✇❤✐✡✠ ✠✌✏❤ ✠✡✠♠✠✞✟ ♦❢ ✌✞ ✐✞s✟✌✞✏✠ ♦❢

✦✧ ❂ ★✩ ✪ ★✶❀ ✫❀ ✬ ✬ ✬ ❀ ❥✗❥✯ ❀ ❥✩❥ ❂ ✔✯ ❀ ✭✫✮

✟❤✠ s☞❜s✠✟s ♦❢ ✌✞ ✌✏✟✐✈✐✟✕ ✡✐s✟ ✗ ♦❢ s✐③✠ ❦☛ ❣✐✈✠ ✌ ✏♦✞✟✒✐❜☞✟✐♦✞ ✟♦ ✖✭✔❥✗✮☛
✟❤✠ ✏♦✞✟✒✐❜☞✟✐♦✞ ❞✠✑✠✞❞s ♦✞✡✕ ♦✞ ✟❤✠ ✠✡✠♠✠✞✟s ♦❢ ✟❤✠ s✠✟☛ ✌✞❞ ✞♦✟ ♦✞ ✟❤✠✐✒
♦✒❞✠✒✳ ✰s ✟❤✠ ✞☞♠❜✠✒ ♦❢ ✟❤✠s✠ s☞❜s✠✟s ✐s ✌ ✏♦♠❜✐✞✌✟♦✒✐✌✡ ✠✓✑✒✠ss✐♦✞ ✟❤✌✟
❣✒♦✇s ✈✠✒✕ ✱☞✐✏✴✡✕ ✇✐✟❤ ❥✗❥ ✌✞❞ ❦☛ ✌✞❞ ✌s ✟❤✠ ♠✌✵♦✒✐✟✕ ♦❢ ✟❤✠ ✠✡✠♠✠✞✟s ✐✞ ✗
✇✠✒✠ ♦✞✠s ✭✌s ♠♦s✟ ♦❢ ✟❤✠ ❜♦✟s ♦✞✡✕ ✑✌✒✟✐✏✐✑✌✟✠❞ ♦✞✏✠ ✐✞ ✠✌✏❤ ✐✞✟✠✒✈✠✞✟✐♦✞✮☛
✇✠ ✇✠✒✠ ✌❜✡✠ ✟♦ ✏♦♠✑✡✠✟✠ ✟❤✠ ♦✟❤✠✒✇✐s✠ ✐✞❢✠✌s✐❜✡✠ ✠✓✌✏✟ ✏♦♠✑☞✟✌✟✐♦✞ ♦❢
✖ ✭✔❥✗✮ ❜✕ ❞✠✈✐s✐✞❣ ✌ ♠✠✟❤♦❞ ✟♦ ❣✠✞✠✒✌✟✠ ☞✞✐✱☞✠ ☞✞♦✒❞✠✒✠❞ s☞❜s✠✟s ❢✒♦♠
✗ ✌✞❞ ✟❤✠✞ ♠☞✡✟✐✑✡✕ ✠✌✏❤ ☞✞✐✱☞✠ s☞❜s✠✟ ✇✐✟❤ ✐✟s ♠☞✡✟✐✑✡✐✏✐✟✕☛ ✇❤✐✏❤ ✏♦☞✡❞
✐✞ ✟☞✒✞ ❜✠ ✏♦♠✑☞✟✠❞ ❢✒♦♠ s✐♠✑✡✠ ✏♦♠❜✐✞✌✟♦✒✐✌✡ ✠✓✑✒✠ss✐♦✞s✳

❚♦ ✐✡✡☞s✟✒✌✟✠ ♦☞✒ ✌✑✑✒♦✌✏❤☛ ✇✠ ✸✒s✟ ✠✓✑✡✌✐✞ ✌ ✏♦♠♠♦✞ ✇✌✕ ✭✌s ✐♠✑✡✠✲
♠✠✞✟✠❞ ✐✞ ✟❤✠ ✐✟✠✒✟♦♦✡s ♠♦❞☞✡✠ ✐✞ P✕✟❤♦✞ ✫✳✼✮ ♦❢ ❣✠✞✠✒✌✟✐✞❣ ✌✡✡ ✑♦ss✐❜✡✠ s☞❜✲
s✠✟s ♦❢ ✌ ❣✐✈✠✞ ✡✠✞❣✟❤ ♦❢ ✌ s✠✟✳ ✰s ✌✞ ✠✓✌♠✑✡✠☛ ✇✠ ☞s✠ ✗ ❂ ❬✫❀ ✶❀ ✫❀ ✶❀ ✹❀ ✶❀ ✶❀ ✺✻
✌✞❞ ❦ ❂ ✹✳ ❚❤✒✠✠ ✑♦✐✞✟✠✒s ✌✒✠ ✟❤✠✞ ✐✞✐✟✐✌✡✐③✠❞ ✟♦ ✟❤✠ ✟❤✒✠✠ ✸✒s✟ ✈✌✡☞✠s☛ ✌✞❞
✟❤✠ ✡✌s✟ ♦❢ ✟❤♦s✠ ✐s s✠✟ ✌s ✟❤✠ ❵✌✏✟✐✈✠✽ ✑♦✐✞✟✠✒✳ ✰ s✠✒✐✠s ♦❢ s✟✠✑s ✐s ✟❤✠✞
✒✠✑✠✌✟✠❞ ☞✞✟✐✡ ✞♦✞✠ ✌✒✠ ✑♦ss✐❜✡✠✾

❁ ✰✟✟✠♠✑✟ ✟♦ ♠♦✈✠ ✟❤✠ ✌✏✟✐✈✠ ✑♦✐✞✟✠✒ ♦✞✠ s✟✠✑ ✟♦ ✟❤✠ ✒✐❣❤✟✳

❁ ■❢ ✟❤✠ ✑♦✐✞✟✠✒ ❢✌✡✡s ♦❃ ✟❤✠ ✌✒✒✌✕ ♦✒ ✒☞✞s ✐✞✟♦ ✌✞♦✟❤✠✒ ✑♦✐✞✟✠✒☛ ✟❤✠✞ s✠✟
✟♦ ✌✏✟✐✈✠ ✟❤✠ ✑♦✐✞✟✠✒ ✟♦ ✟❤✠ ✡✠❢✟ ♦❢ ✟❤✠ ✏☞✒✒✠✞✟ ♦✞✠ ✌✞❞ ✌✟✟✠♠✑✟ ✌❣✌✐✞✳

❄ ❚✠✒♠✐✞✌✟✠ ✐❢ ✇✠ ✒☞✞ ♦☞✟ ♦❢ ✑♦✐✞✟✠✒s☛ ✐✳✠✳ ✐❢ ✞♦ ✑♦✐✞✟✠✒s ✏✌✞ ❜✠
♠♦✈✠❞ ✌✞✕♠♦✒✠✳

❁ ❲❤✠✞ ♠♦✈✠ ✐s s☞✏✏✠ss❢☞✡☛ ❣✠✞✠✒✌✟✠ ✟❤✠ s✠✟ ♦❢ ✟❤✠ ✈✌✡☞✠s ✑♦✐✞✟✠❞ ✟♦☛
♠♦✈✠ ✌✡✡ ✑♦✐✞✟✠✒s ✟♦ ✟❤✠ ✒✐❣❤✟ ♦❢ ✟❤✠ ✌✏✟✐✈✠ ✑♦✐✞✟✠✒ ✟♦ ✟❤✠ ✑♦s✐✟✐♦✞s
✐♠♠✠❞✐✌✟✠✡✕ ❢♦✡✡♦✇✐✞❣ ✐✟☛ ✌✞❞ ✒✠s✠✟ ✟❤✠ ❵✌✏✟✐✈✠✽ s✟✌✟☞s ✟♦ ✟❤✠ ✒✐❣❤✟♠♦s✟
✑♦✐✞✟✠✒✳

❚❤✐s ✟❤✠✞ ❣✠✞✠✒✌✟✠s s☞❜s✠✟s ✡✐✴✠ ✭✫❀ ✶❀ ✫✮☛ ✭✫❀ ✶❀ ✶✮☛ ✬ ✬ ✬ ✭✫❀ ✶❀ ✺✮☛ ✭✫❀ ✫❀ ✶✮☛
✭✫❀ ✫❀ ✹✮ ✠✟✏✳ ☞✞✟✐✡ ✭✶❀ ✶❀ ✺✮ ✇❤✠✒✠ ✞♦ ♠♦✒✠ ✑♦✐✞✟✠✒s ✌✒✠ ✌❜✡✠ ✟♦ ♠♦✈✠ ✌✞❞ ✟❤✠
✑✒♦✏✠❞☞✒✠ ✟✠✒♠✐✞✌✟✠s✳

❚❤✐s ✌✑✑✒♦✌✏❤ ❤✌s ✟❤✠ ❞✐s✌❞✈✌✞✟✌❣✠ ♦❢ ✒✠✏♦☞✞✟✐✞❣ s☞❜s✠✟s ✟❤✌✟ ✌✒✠ ✐❞✠✞✲
✟✐✏✌✡ ♦✒ ✌✒✠ ✑✠✒♠☞✟✌✟✐♦✞s ♦❢ ✠✌✏❤ ♦✟❤✠✒☛ s☞✏❤ ✌s ✭✫❀ ✶❀ ✫✮ ✌✞❞ ✭✫❀ ✫❀ ✶✮ ✌❜♦✈✠✳
❲✠ ✒✠♠✠❞✕ ✟❤✐s ❜✕ ✌❞❞✐✞❣ ✟♦ ✟❤✠ ✌❜♦✈✠ ✌✡❣♦✒✐✟❤♠ ✌ ✑✒✠✑✒♦✏✠ss✐✞❣ s✟✠✑ ✐✞
✇❤✐✏❤ ✟❤✠ ✐✞✑☞✟ ✡✐s✟ ✗ ✐s s♦✒✟✠❞☛ ✌✞❞ ✟❤✠✞ ❞✠✸✞✐✞❣ ✌ ✞✠✇ ✡✐s✟ ✦ ✐✞ ✇❤✐✏❤
✟❤✠ ❅✽✟❤ ✠✡✠♠✠✞✟ ❞✠✞♦✟✠s ✟❤✠ ✑♦s✐✟✐♦✞ ✟❤✠ ✌✏✟✐✈✠ ✑♦✐✞✟✠✒ s❤♦☞✡❞ ❜✠ ♠♦✈✠❞
✟♦ ❣✐✈✠✞ ✟❤✌✟ ✐✟ ✐s ✑♦✐✞✟✐✞❣ ✟♦ ✗❬❅✻ ✞♦✇☛ ✐✳✠✳ ✟❤✠ ✈✌✡☞✠ ♦❢ ✦❬❅✻ ✐s ✟❤✠ ✈✌✡☞✠
♦❢ ✟❤✠ ✸✒s✟ ✐✞❞✠✓ ❅❇ ✌✟ ✇❤✐✏❤ ✗❬❅❇✻ ❈ ✗❬❅✻✳ ❘✠☞s✐✞❣ ✟❤✠ ✠✓✌♠✑✡✠ ✌❜♦✈✠ ✟♦
✐✡✡☞s✟✒✌✟✠ ✟❤✐s☛
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■♥ t�❡ ✁♦✂✂♦✇✐♥❣✄ ✇❡ ❞❡t❛✐✂ ✇�② t�❡ ☎♦✐ss♦♥ ❜✐♥♦✆✐❛✂ ❞✐str✐❜✉t✐♦♥ ❝♦♥s✐st✐♥❣
♦✁ ✝ ❞r❛✇s ✁r ♦✆ s❡♣❛r❛t❡ ✞❡r♥♦✉✂✂✐ ❞✐str✐❜✉t✐♦♥s ✇✐t� ✐♥❞✐✈✐❞✉❛✂ ♣r♦❜❛❜✐✂✲
✐t✐❡s ✟✶❀ ✟✷❀ ✬ ✬ ✬ ❀ ✟✠✄ ❛♥❞ ❛❝❝♦r❞✐♥❣✂②✄ ✈❛r✐❛♥❝❡s ✛✷✡ ❂ ✟✡✭☛ ☞ ✟✡✮ ❛♣♣r♦❛❝�❡s
◆✭✖❀ ✛✷✮✄ ✇�❡r❡ ✖ ❂
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✌
✡ ✟✡✭☛☞✟✡✮ ✁♦r ✂❛r❣❡ ✝✳ ❚�✐s ❝✂♦s❡✂②

✁♦✂✂♦✇s t�❡ ♣r♦♦✁ ♦✁ t�❡ ❝❡♥tr❛✂ ✂✐✆✐t t�❡♦r❡✆ ✉s✐♥❣ ❝�❛r❛❝t❡r✐st✐❝ ✁✉♥❝t✐♦♥s✄
❜✉t ✇❡ ✐♥❝✂✉❞❡ t�❡ ❞❡r✐✈❛t✐♦♥ ✐♥ ❝❛s❡ s♦✆❡ r❡❛❞❡rs ❛r❡ ✉♥✁❛✆✐✂✐❛r ✇✐t� t�❡
♣r♦♦✁✳

❚�❡ ❝�❛r❛❝t❡r✐st✐❝ ✁✉♥❝t✐♦♥ ✭❝✳✁✳✮ ♦✁ ❛ r❛♥❞♦✆ ✈❛r✐❛❜✂❡ ❳ ✐s ❞❡✍♥❡❞ ❛s
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✕❳

✠✗✘
❅✠
✑❳✠✔

✝✦
✏✠❀ ✭☛✮

✇�✐❝� r❡s✉✂ts ✐♥ t�❡ ♣r♦♣❡rt✐❡s

✬✎✰❨ ✭✏✮ ❂ ✬✎✭✏✮ ✙ ✬✚✭✏✮❀ ✭✜✮

✬✢✎✭✏✮ ❂ ✬✎✭✣✏✮✬ ✭✸✮

✤♦t❡ t�❛t t�❡ ❝✳✁✳ ✁♦r ❛ ●❛✉ss✐❛♥ ✇✐t� ③❡r♦ ✆❡❛♥✄ ◆✭✵❀✛✷✮✄ ✐s ❡✥✧
★✓★✩✷✳

❘❛t�❡r t�❛♥ ❝♦♥s✐❞❡r✐♥❣ ❞✐r❡❝t✂② t�❡ r❛♥❞♦✆ ✈❛r✐❛❜✂❡s ❳✡ ❞r❛✇♥ ✁r♦✆ t�❡
☎♦✐ss♦♥ ❜✐♥♦✆✐❛✂✄ ✇❡ ✍rst s✉❜tr❛❝t ✁r♦✆ ❡❛❝� t�❡ ✆❡❛♥ s✉❝❝❡ss ♣r♦❜❛❜✐✂✐t②✄
✐✳❡✳ ✇❡ tr❛♥s✁♦r✆ t�❡✆ ✂✐❦❡ ❳✡ ✪ ❳✡ ☞ ✟✳ ❚�✐s s✉❜tr❛❝t✐♦♥ ❡♥s✉r❡s t�❛t
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➋➔➂ ➇➄ ➄➊➂➃➡➇➇❿➅➓ ➄➅ ❾➏❽➆➆ ➋❽➇❽❾➂➇❾➑
➥ ➦➧➨➩ ➫➐➂ ➭➔➇➐➄➃❾➑ ➯➔➉➆❿❾➐➂➋ ➉➈ ➲➆❾➂➊❿➂➃ ➳➅➀➑ ➫➐❿❾ ❿❾ ❽➅ ➄➁➂➅ ❽➀➀➂❾❾ ❽➃➇❿➀➆➂ ➔➅➋➂➃ ➇➐➂ ➛➛ ❼➵ ➆❿➀➂➅❾➂ →➐➇➇➁➸➺➺

➀➃➂❽➇❿➊➂➀➄➏➏➄➅❾➑➄➃➓➺➆❿➀➂➅❾➂❾➺➉➈➺➻➑➧➺➙➑

➼➽ ➾➚➪➶➹➘➴➷➪➬➹➚

➮➱✃❐ ❒❮✃ ❰ÏÐ❒ Ñ✃ÒÏÑ✃ÐÓ Ô✃Õ ÑÏ❒Ï ÒÖ❰❰✃Ò❒×ÖÔ Ø✃❒❮ÖÑÐ ❮Ï➱✃ Ù❐ÖÚ
➱×Ñ✃Ñ Ô✃Õ ÖÙÙÖ❐❒ÛÔ×❒×✃Ð ÜÖ❐ ❐✃Ð✃Ï❐Ò❮ ÖÔ ❮ÛØÏÔ Ý✃❮Ï➱×Ö❐Þ ➮Ô❰×Ô✃
ÐÖÒ×Ï❰ Ô✃❒ÕÖ❐ßÐ Ö❐ Ù✃❐ÐÖÔÏ❰ ØÖÝ×❰✃ Ñ✃➱×Ò✃Ð ÑÖ ÔÖ❒ ÖÔ❰à Ù❐Ö➱×Ñ✃
❐✃Ï❰Ú❒×Ø✃ ÑÏ❒Ï ÜÖ❐ Ð❒ÛÑ×✃Ð ÖÔ ❮ÛØÏÔ ÏÒ❒×➱×❒à ÏÔÑ ×Ô❒✃❐ÏÒ❒×ÖÔÓ ÝÛ❒
ÒÏÔ Ï❰ÐÖ Ð✃❐➱✃ ÏÐ ÏÔ ✃á❒✃❐ÔÏ❰ ➱Ï❰×ÑÏ❒×ÖÔ ÖÜ ✃ÞâÞ ØÖ❐✃ Ò❰ÏÐÐ×ÒÏ❰
ãÛ✃Ð❒×ÖÔÔÏ×❐✃Ú Ö❐ ×Ô❒✃❐➱×✃ÕÚÝÏÐ✃Ñ Ð❒ÛÑ×✃ÐÞ äÖ❐ ✃áÏØÙ❰✃Ó ❒❮✃ Ù❐✃Ú
Ñ×Ò❒ÏÝ×❰×❒à ÖÜ ÝÏÐ×Ò Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð Ü❐ÖØ ÐØÏ❐❒ÚÙ❮ÖÔ✃ ÛÐÏâ✃ ×Ð
ÒÛ❐❐✃Ô❒❰à ÏÔ ÏÒ❒×➱✃ Ï❐✃Ï ÖÜ ❐✃Ð✃Ï❐Ò❮ å❐ÏÔÑÏ❰❰ ✃❒ Ï❰Þ æçèéèêÓ Ñ✃
➮❰×➱✃×❐ÏÓ ëÏ❐Ï❒ìÖâ❰ÖÛÓ åÖÔÒ✃í✃❐Ö å✃❐✃ìÖÓ î❐Ø✃Ô❒Ï ïÖÙ✃ì Ñ✃
ð×ÒÛñÏÓ ÏÔÑ ➮❰×➱✃❐ æçèééêÓ ï×ëÏØòÏÓ ï×ÛÓ ïÏÔ✃Ó ÏÔÑ ó❮ÖÔâ æçèééêÓ
ð✃❐ßÏÐÏ❰ÖÓ ïôÙ✃ìÚõ×ÒÖ❰öÐÓ ÷Ö❰×ÔÏÚåÏÐ❒×❰❰ÖÓ ÏÔÑ øÖÛÕØÏÔ æçèéèêÓ
å❮×❒❒Ï❐ÏÔíÏÔÓ ø❰ÖØÓ ÏÔÑ ùÏ❒×ÒÏÚú✃❐✃ì æçèééÏêÓ å❮×❒❒Ï❐ÏÔíÏÔÓ ø❰ÖØÓ
ÏÔÑ ùÏ❒×ÒÏÚú✃❐✃ì æçèééÝêÓ ò×❰❰×ÏØÐÓ ò❮×❒Ïß✃❐Ó ÏÔÑ î❰❰✃Ô æçèéçêÓ
Ñ✃ ÷ÖÔ❒íÖà✃Ó ûÛÖ×ÑÝÏÒ❮Ó üÖÝ×ÒÓ ÏÔÑ ú✃Ô❒❰ÏÔÑ æçèéýêÓ þ✃ßÏ❐Ï ÏÔÑ
ï✃❮ØÏÔÔ æçèéÿêÓ ÷Ö❰❰âÏÏ❐Ñ ✃❒ Ï❰Þ æçèé✭ÝêÞ

øÏÐ✃Ñ ÖÔ ÑÏ❒Ï Ü❐ÖØ ❒❮✃ åÖÙ✃Ô❮Ïâ✃Ô õ✃❒ÕÖ❐ß þ❒ÛÑà æåõþêÓ
þ❒ÖÙÒìàÔÐß× ✃❒ Ï❰Þ æçèéÿêÓ Õ✃ ÛÐ✃ ÐØÏ❐❒Ù❮ÖÔ✃ ÑÏ❒Ï ❒Ö ãÛÏÔ×❒Üà
❒❮✃ Ù❐✃Ñ×Ò❒ÏÝ×❰×❒à ÖÜ ❒❮✃ ø×â ä×➱✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð ❉×âØÏÔ
æé��èêÓ ÖÙ✃ÔÔ✃ÐÐ æ➮êÓ ÒÖÔÐÒ×✃Ô❒×ÖÛÐÔ✃ÐÐ æåêÓ ✃á❒❐Ï➱✃❐Ð×ÖÔ æ✁êÓ
Ïâ❐✃✃ÏÝ❰✃Ô✃ÐÐ æîê ÏÔÑ Ô✃Û❐Ö❒×Ò×ÐØ æõêÓ ÒÖØØÖÔ❰à ÒÏ❰❰✃Ñ ❒❮✃ ✣➱✃
ÜÏÒ❒Ö❐ ØÖÑ✃❰ ÏÔÑ ÏÝÝ❐✃➱×Ï❒✃Ñ ÏÐ ➮å✁îõÞ ❚❮✃ åõþ ÑÏ❒Ï ×Ð ❒Ö ❒❮✃ Ý✃Ð❒

ÖÜ ÖÛ❐ ßÔÖÕ❰✃Ñâ✃ ❒❮✃ ❰Ï❐â✃Ð❒ ÏÔÑ ØÖÐ❒ Ñ✃❒Ï×❰✃Ñ Ð❒ÛÑà ÖÜ ×❒Ð ß×ÔÑÞ
þÙ✃Ò×✣ÒÏ❰❰àÓ Õ✃ ÛÐ✃ ❒❮✃ ø×â ä×➱✃ ■Ô➱✃Ô❒Ö❐à ❏Ö❮ÔÓ õÏÛØÏÔÔÓ ÏÔÑ
þÖ❒Ö æçèè✂êÓ Õ❮×Ò❮ ÒÖÔÐ×Ð❒Ð ÖÜ ÿÿ ×❒✃ØÐÞ äÖ❐ ✃ÏÒ❮ ×❒✃ØÓ ÙÏ❐❒×Ò×ÙÏÔ❒Ð
×Ô ❒❮✃ åõþ Ð❒ÛÑà ❮Ï➱✃ ✃áÙ❐✃ÐÐ✃ÑÓ ÖÔ Ï Ñ×ÐÒ❐✃❒✃ ÐÒÏ❰✃ Ü❐ÖØ é ❒Ö ✺Ó
❮ÖÕ ØÛÒ❮ ❒❮✃à Ïâ❐✃✃ Õ×❒❮ Ï â×➱✃Ô Ð❒Ï❒✃Ø✃Ô❒Þ ❚❮✃ Ù✃❐ÐÖÔÏ❰×❒à
❒❐Ï×❒Ð Ï❐✃ ❒❮✃Ô ÒÖØÙÛ❒✃Ñ Ü❐ÖØ Ï Ù❐✃ÚÑ✃❒✃❐Ø×Ô✃Ñ ❰×Ô✃Ï❐ ÒÖØÝ×ÔÏÚ
❒×ÖÔ ÖÜ ❒❮✃ ÿÿ ÏÔÐÕ✃❐ÐÞ ú❐✃➱×ÖÛÐ ❐✃Ð✃Ï❐Ò❮ ❮ÏÐ ÐÛââ✃Ð❒✃Ñ ❒❮Ï❒ ÐØÏ❐❒Ú
Ù❮ÖÔ✃ ÑÏ❒Ï ÒÏÔ Ý✃ ÛÐ✃Ñ ❒Ö Ù❐✃Ñ×Ò❒ ❒❮✃ ø×â ä×➱✃ Õ×❒❮ ÐÛ❐Ù❐×Ð×Ôâ❰à
❮×â❮ ÏÒÒÛ❐ÏÒà Ñ✃ ÷ÖÔ❒íÖà✃ ✃❒ Ï❰Þ æçèéýêÞ ■Ô ÒÖÔ❒❐ÏÐ❒Ó Õ✃ Ð❮ÖÕ ÛÐ×Ôâ
Ï Ý❐ÖÏÑ ❐ÏÔâ✃ ÖÜ Ü✃Ï❒Û❐✃Ð ✃á❒❐ÏÒ❒✃Ñ Ü❐ÖØ ❒❮✃ åõþ ÑÏ❒Ï ❒❮Ï❒ ÖÔ❰à
✃á❒❐Ï➱✃❐Ð×ÖÔ ÒÏÔ Ý✃ Ù❐✃Ñ×Ò❒✃Ñ Õ×❒❮ ÐÖØ✃ Ò✃❐❒Ï×Ô❒àÞ ■Ô ❒❮✃ ÷✃❒❮ÖÑÐ
Ð✃Ò❒×ÖÔ Ý✃❰ÖÕ ÏÔÑ ×Ô ❒❮✃ ÏÙÙ✃ÔÑ×Ò✃ÐÓ Õ✃ Ù❐Ö➱×Ñ✃ Ï Ñ✃ÐÒ❐×Ù❒×ÖÔ ÖÜ
❒❮✃ Ü✃Ï❒Û❐✃Ð æÙ❐✃Ñ×Ò❒Ö❐ ➱Ï❐×ÏÝ❰✃Ðê Õ✃ ✃á❒❐ÏÒ❒ Ü❐ÖØ ❒❮✃ ÐØÏ❐❒Ù❮ÖÔ✃
ÑÏ❒Ï ÏÔÑ ÜÛ❐❒❮✃❐ ÒÖÔÐ×Ñ✃❐ ❒❮✃×❐ Ò❐ÖÐÐÚÒÖ❐❐✃❰Ï❒×ÖÔÐÞ ■Ô ❒❮✃ ü✃ÐÛ❰❒Ð
Ð✃Ò❒×ÖÔÓ Õ✃ ÛÐ✃ Ï ÐÛÙÙÖ❐❒ ➱✃Ò❒Ö❐ ØÏÒ❮×Ô✃ ØÖÑ✃❰ ÜÖ❐ ❒❮✃ Ù❐✃Ñ×Ò❒×ÖÔ
ÏÔÑ ãÛÏÔ❒×Üà ×❒Ð ❐✃❰Ï❒×➱✃ ×ØÙ❐Ö➱✃Ø✃Ô❒ Ö➱✃❐ Ï ÔÛ❰❰ ØÖÑ✃❰ Õ❮✃❐✃
Ù✃❐ÐÖÔÏ❰×❒à ÐÒÖ❐✃Ð Ï❐✃ ❐ÏÔÑÖØ❰à ÏÐÐ×âÔ✃ÑÞ ä×ÔÏ❰❰àÓ Õ✃ Ý❐×✃❜à ÒÖØÚ
ÙÏ❐✃ ❒❮✃ ÐÒÖ❐×Ôâ ÐàÐ❒✃Ø Ý✃❮×ÔÑ ❒❮✃ ø×â ä×➱✃ ■Ô➱✃Ô❒Ö❐à ÏâÏ×ÔÐ❒
Ï❰❒✃❐ÔÏ❒×➱✃ Ñ×Ø✃ÔÐ×ÖÔÏ❰×❒à ❐✃ÑÛÒ❒×ÖÔ ❒✃Ò❮Ô×ãÛ✃Ð ×Ô ❒✃❐ØÐ ÖÜ
Ù❐✃Ñ×Ò❒ÏÝ×❰×❒àÞ

✷➽ ▼✄➪☎➹➘✆

ò✃ ÛÐ✃ ãÛ✃Ð❒×ÖÔÔÏ×❐✃ÚÝÏÐ✃Ñ ÑÏ❒Ï ÖÔ ❒❮✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð
❒Öâ✃❒❮✃❐ Õ×❒❮ Ù❮ÖÔ✃ ÝÏÐ✃ÑÚÑÏ❒Ï Ü❐ÖØ ✼ýè Ü❐✃Ð❮ØÏÔ Ð❒ÛÑ✃Ô❒Ð Ð❒Ï❐❒Ú
×Ôâ ×Ô ❒❮✃ à✃Ï❐ çèéý Ï❒ ❒❮✃ ❚✃Ò❮Ô×ÒÏ❰ ❯Ô×➱✃❐Ð×❒à ÖÜ ❉✃ÔØÏ❐ßÞ ❚❮✃
Ù❮ÖÔ✃ÚÝÏÐ✃Ñ ÑÏ❒Ï ❮ÏÐ Ý✃✃Ô ÒÖ❰❰✃Ò❒✃Ñ Ö➱✃❐ Ï Ù✃❐×ÖÑ ÖÜ çÿ ØÖÔ❒❮Ð
Ýà ÒÛÐ❒ÖØ ÐÖÜ❒ÕÏ❐✃ ×ÔÐ❒Ï❰❰✃Ñ ÖÔ ÐØÏ❐❒Ù❮ÖÔ✃Ð â×➱✃Ô ❒Ö ❒❮✃ ÙÏ❐❒×Ò×Ú
ÙÏÔ❒Ð ÖÜ ❒❮✃ Ð❒ÛÑàÓ þ❒ÖÙÒìàÔÐß× ✃❒ Ï❰Þ æçèéÿêÞ ❚❮✃ ÑÏ❒Ï ÒÖÔÐ×Ð❒Ð ÖÜ
❒✃❰✃ÒÖØØÛÔ×ÒÏ❒×ÖÔ ❰ÖâÐ æÙ❮ÖÔ✃ ÒÏ❰❰ÐÓ ❒✃á❒ Ø✃ÐÐÏâ✃ÐêÓ ÖÔ❰×Ô✃ ÐÖÒ×Ï❰
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Ô✃❒ÕÖ❐ßÐ æäÏÒ✃ÝÖÖß ÒÖÔÔ✃Ò❒×ÖÔÐ ÏÔÑ ×Ô❒✃❐ÏÒ❒×ÖÔÐêÓ ÏÔÑ Ô✃❒ÕÖ❐ßÐ
ÝÏÐ✃Ñ ÖÔ Ù❮àÐ×ÒÏ❰ Ù❐Öá×Ø×❒àÞ ❚❮✃ Ù❮àÐ×ÒÏ❰ Ù❐Öá×Ø×❒à ×Ð Ø✃ÏÐÛ❐✃Ñ
❒❮❐ÖÛâ❮ ❒❮✃ ø❰Û✃❒ÖÖ❒❮ Ð×âÔÏ❰ Ð❒❐✃Ôâ❒❮Ó ÏÔÑ ÒÏÔ Ý✃ ÛÐ✃Ñ ❒Ö ØÖÔ×❒Ö❐
ÜÏÒ✃Ú❒ÖÚÜÏÒ✃ ÒÖÔ❒ÏÒ❒Ð þ✃ßÏ❐Ï ÏÔÑ ï✃❮ØÏÔÔ æçèéÿêÞ ä❐ÖØ ❒❮✃ ùúþ
ÑÏ❒ÏÓ Õ✃ ÖÝ❒Ï×Ô ×ÔÜÖ❐ØÏ❒×ÖÔ ÖÔ ❒❮✃ â✃ÖÚÐÙÏ❒×Ï❰ ØÖÝ×❰×❒à
÷Ö❰❰âÏÏ❐ÑÓ ï✃❮ØÏÔÔÓ ÏÔÑ ÷Ï❒❮×✃Ð✃Ô æçèé✭ÏêÞ ➮Û❒ ÖÜ ❒❮✃ ✼ýè ÙÏ❐Ú
❒×Ò×ÙÏÔ❒ÐÓ Õ✃ ÖÔ❰à ×ÔÒ❰ÛÑ✃ ÑÏ❒Ï Ü❐ÖØ ×ÔÑ×➱×ÑÛÏ❰ÐÓ Õ❮×Ò❮Ó Õ✃ Ý✃❰×✃➱✃Ó
❮Ï➱✃ ÛÐ✃Ñ ❒❮✃ Ù❮ÖÔ✃ ÏÐ Ï Ù❐×ØÏ❐à Ñ✃➱×Ò✃Þ ❚❮×Ð ×ØÙ❰×✃Ð Ñ×ÐÒÏ❐Ñ×Ôâ
ÑÏ❒Ï Ü❐ÖØ ÛÐ✃❐Ð ❒❮Ï❒ ❮Ï➱✃ Õ❐×❒❒✃Ô ❰✃ÐÐ ❒❮ÏÔ éè ❒✃á❒ Ø✃ÐÐÏâ✃ÐÓ ØÏÑ✃
✺ Ù❮ÖÔ✃ ÒÏ❰❰Ð Ö❐ ❮Ï➱✃ éèè ùúþ ÑÏ❒Ï ÙÖ×Ô❒ÐÓ ÏÐ Õ✃❰❰ ÏÐ ÛÐ✃❐Ð Õ×❒❮ ÔÖ
äÏÒ✃ÝÖÖß Ü❐×✃ÔÑÐÞ ❚❮✃Ð✃ Ò❐×❒✃❐×Ï Õ✃❐✃ Ò❮ÖÐ✃Ô ÏÐ Ï Ð×ØÙ❰✃ ❮✃Û❐×Ð❒×Ò
ÜÖ❐ ❐✃ØÖ➱×Ôâ ÙÏ❐❒×Ò×ÙÏÔ❒Ð Õ❮Ö ➱✃❐à ãÛ×Òß❰à Ð❒ÖÙÙ✃Ñ ÛÐ×Ôâ ❒❮✃
Ù❮ÖÔ✃Ó ÏÐ ❒❮✃ ÐÛÝí✃Ò❒Ð ❐✃ØÏ×Ô×Ôâ ÏÜ❒✃❐ ❒❮×Ð ❐✃ØÖ➱Ï❰ ❮ÏÑ ➱ÏÐ❒❰à ❰Ï❐Ú
â✃❐ ÏØÖÛÔ❒Ð ÖÜ ÑÏ❒ÏÞ ❚❮✃Ð✃ ❐✃ãÛ×❐✃Ø✃Ô❒Ð ❐✃ÑÛÒ✃ ❒❮✃ ÔÛØÝ✃❐ ÖÜ
ÙÏ❐❒×Ò×ÙÏÔ❒Ð ×Ô ÖÛ❐ Ð❒ÛÑà ❒Ö ✭ý✭Þ

äÖ❐ ÒÖØÙÏ❐×ÐÖÔ ÙÛ❐ÙÖÐ✃ÐÓ Õ✃ ÒÖÔÐ×Ñ✃❐ Ï ❰×Ð❒ Ü✃Ï❒Û❐✃Ð Ð×Ø×❰Ï❐ ❒Ö
❒❮ÖÐ✃ ×Ô Ñ✃ ÷ÖÔ❒íÖà✃ ✃❒ Ï❰Þ æçèéýêÞ äÛ❐❒❮✃❐ØÖ❐✃Ó Õ✃ ❐✃Ù✃Ï❒ ÖÛ❐
ÏÔÏ❰àÐ×Ð ÖÔ ❒❮✃ ÙÏ❐❒ ÖÜ ❒❮✃ ❋�✁✂✄☎✆ ❛✄☎ ❋❛✝✁✞✟ æääê ÑÏ❒ÏÐ✃❒Ó
î❮Ï❐ÖÔàÓ úÏÔÓ ■ÙÓ ë❮ÏàÏ❰Ó ÏÔÑ ú✃Ô❒❰ÏÔÑ æçèééêÓ Õ❮×Ò❮ ×Ð ÙÛÝ❰×Ò❰à
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❒×Ø✃ Ý✃❒Õ✃✃Ô Ù❮ÖÔ✃ ÒÏ❰❰ÐÓ ❒✃á❒ Ø✃ÐÐÏâ✃ÐÓ ÏÔÑ ÒÖØÝ×ÔÏ❒×ÖÔÐ
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î ÔÛØÝ✃❐ ÖÜ ãÛÏÔ❒×❒×✃Ð ÝÏÐ✃Ñ ÖÔ ❰ÖÒÏ❒×ÖÔ ÑÏ❒Ï Ï❐✃ Ï❰ÐÖ ÒÖØÚ
ÙÛ❒✃ÑÞ ò✃ ✃á❒❐ÏÒ❒ ❒❮✃ Ø✃Ñ×ÏÔ ÏÔÑ Ð❒ÏÔÑÏ❐Ñ Ñ✃➱×Ï❒×ÖÔ ÖÜ ❒❮✃ ÛÐ✃❐Ð❬
ÑÏ×❰à Ñ×Ð❒ÏÔÒ✃ ❒❐Ï➱✃❰❰✃ÑÓ ❒❮✃×❐ ÑÏ×❰à ❐ÏÑ×ÛÐ ÖÜ âà❐Ï❒×ÖÔ æ❮✃❐✃ Ð×ØÙ❰×Ú
✣✃Ñ ❒Ö Ý✃ ❒❮✃ ❐ÏÑ×ÛÐ ÖÜ ❒❮✃ ÐØÏ❰❰✃Ð❒ Ò×❐Ò❰✃ ✃ÔÒ❰ÖÐ×Ôâ Ï❰❰ ÒÖÖ❐Ñ×ÔÏ❒✃Ð
➱×Ð×❒✃Ñ Ýà ❒❮✃ ÛÐ✃❐ ÖÔ ✃ÏÒ❮ ÑÏàê ÏÔÑ ❒❮✃ ✃Ô❒❐ÖÙà ÖÜ ❒❮✃ ❒×Ø✃ ÐÙ✃Ô❒
×Ô ➱Ï❐×ÖÛÐ ❰ÖÒÏ❒×ÖÔÐ Ýà ❒❮✃ ÛÐ✃❐Þ ò✃ ×Ñ✃Ô❒×Üà ❒❮✃ ❰ÖÒÏ❒×ÖÔÐ ➱×Ð×❒✃Ñ
Ýà Ò❰ÛÐ❒✃❐×Ôâ ❒❮✃ ùúþ ÙÖ×Ô❒Ð ÐÏØÙ❰✃Ñ Õ❮✃Ô Ï ÛÐ✃❐ ×Ð ÔÖ❒ ØÖ➱×ÔâÞ
î ÛÐ✃❐ ×Ð Ñ✃✣Ô✃Ñ ❒Ö ÔÖ❒ ØÖ➱✃Ó ×Ü ❒❮✃ ÛÐ✃❐❬Ð Ø✃ÏÔ ÐÙ✃✃Ñ ÑÖ✃Ð ÔÖ❒
✃áÒ✃✃Ñ èÞ✺Ø♠Ð ×Ô Ï Ù✃❐×ÖÑ Ý✃❒Õ✃✃Ô ❒ÕÖ ÒÖÔÐ✃ÒÛ❒×➱✃ ùúþ ÙÖ×Ô❒ÐÞ
îÐ ❒❮✃ ÛÔÒ✃❐❒Ï×Ô❒à ÖÔ Ò×➱×❰×ÏÔ ùúþ ❰ÖÒÏ❒×ÖÔÐ ÒÏÔ Ý✃ ÛÙ ❒Ö éèè Ø
óÏÔÑÝ✃❐â✃Ô ÏÔÑ øÏ❐Ý✃ÏÛ æçèééêÓ Ï ÛÐ✃❐ ØÖ➱×Ôâ Ï❒ Ï ÐÙ✃✃Ñ ÖÜ èÞ✺
Ø♠Ð ÕÖÛ❰Ñ Ô✃✃Ñ Ï❒ ❰✃ÏÐ❒ ÿèè Ð ❒Ö ØÖ➱✃ Ï Ñ×Ð❒ÏÔÒ✃ ❰Ï❐â✃❐ ❒❮ÏÔ
❒ÕÖ ❒×Ø✃Ð ❒❮✃ ÛÔÒ✃❐❒Ï×Ô❒àÞ äÖ❐ ❒❮Ï❒ ❐✃ÏÐÖÔÓ Õ✃ ÒÖÔÐ×Ñ✃❐ ÖÔ❰à ùúþ
ÙÖ×Ô❒Ð ❒Ïß✃Ô ✃➱✃Ô ÜÛ❐❒❮✃❐ ÏÙÏ❐❒Ó ×Þ✃Þ ✺èè Ð ÏÙÏ❐❒Þ ❚❮✃ ùúþ ÑÏ❒Ï
ÙÖ×Ô❒Ð Ï❐✃ ✣❰❒✃❐✃Ñ ÏÒÒÖ❐Ñ×Ôâ ❒Ö ❒❮✃ ÜÖ❰❰ÖÕ×Ôâ Ù❐ÖÒ✃ÑÛ❐✃Þ äÖ❐ ✃ÏÒ❮
ÛÐ✃❐Ó Õ✃ ×ÔÒ❰ÛÑ✃ ❒❮✃ ✣❐Ð❒ ❐✃ÒÖ❐Ñ✃Ñ ùúþ ÑÏ❒Ï ÙÖ×Ô❒Ó Õ✃ ❒❮✃Ô ✃áÒ❰ÛÑ✃
ÑÏ❒Ï ÙÖ×Ô❒Ð ×Ô ❒❮✃ ÐÛÝÐ✃ãÛ✃Ô❒ ❒×Ø✃ Õ×ÔÑÖÕ ÖÜ ✺èè Ð ÏÔÑ ❒❮✃Ô ÏâÏ×Ô
×ÔÒ❰ÛÑ✃ ❒❮✃ ✣❐Ð❒ ÑÏ❒Ï ÙÖ×Ô❒ ÐÏØÙ❰✃Ñ ÖÛ❒Ð×Ñ✃ ❒❮×Ð Õ×ÔÑÖÕÞ ä❐ÖØ ❒❮×Ð

Ô✃Õ ÑÏ❒Ï ÙÖ×Ô❒ Õ✃ ❐✃Ù✃Ï❒ ❒❮✃ Ù❐ÖÒ✃ÑÛ❐✃ ÖÜ ✃áÒ❰ÛÑ×Ôâ ÙÖ×Ô❒Ð ×Ô Ï
ÐÛÝÐ✃ãÛ✃Ô❒ Õ×ÔÑÖÕ ÖÜ ✺èèÐ ÏÔÑ ÐÖ ÜÖ❐❒❮Þ ò✃ ×Ñ✃Ô❒×Üà Ò❰ÛÐ❒✃❐Ð
æ❰ÖÒÏ❒×ÖÔÐê ×Ô ❒❮✃ ùúþ ÙÖ×Ô❒Ð Ýà ÛÐ✃ ÖÜ ❒❮✃ ❉øþåîõ Ï❰âÖ❐×❒❮Ø
✁Ð❒✃❐Ó ë❐×✃â✃❰Ó þÏÔÑ✃❐Ó ÏÔÑ ❭Û æé��✭ê ÏÔÑ Õ✃ ÒÖØÙÛ❒✃ ❒❮✃ ✃Ô❒❐ÖÙà
ÖÜ ➱×Ð×❒Ð ❒Ö ❒❮ÖÐ✃ Ò❰ÛÐ❒✃❐Ð Ýà ÏâÏ×Ô ÏÙÙ❰à×Ôâ ✁ãÞ æéêÞ ä×ÔÏ❰❰àÓ Õ✃ ✃Ð❒×Ú
ØÏ❒✃ ❒❮✃ Ü❐ÏÒ❒×ÖÔ ÖÜ ❒×Ø✃ Ï ÛÐ✃❐ ÐÙ✃ÔÑÐ Ï❒ ❮ÖØ✃Ó Õ❮✃❐✃ ❮ÖØ✃ ×Ð
ÏÐÐÛØ✃Ñ ❒Ö Ý✃ ❒❮✃ Ù❰ÏÒ✃ Õ❮✃❐✃ Ï ÛÐ✃❐ ÐÙ✃ÔÑ ØÖÐ❒ ÖÜ ❒❮✃×❐
Õ✃✃ßÔ×â❮❒ÐÞ

îÔÖ❒❮✃❐ ÒÏ❒✃âÖ❐à ÖÜ Ü✃Ï❒Û❐✃Ð Ï×Ø ❒Ö ãÛÏÔ❒×Üà ❒❮✃ Ñ✃â❐✃✃ ❒Ö
Õ❮×Ò❮ Ï ÛÐ✃❐❬Ð Ý✃❮Ï➱×Ö❐ ÜÖ❰❰ÖÕÐ Ï ❒✃ØÙÖ❐Ï❰ ÙÏ❒❒✃❐ÔÞ äÖ❐ ❒❮✃ ÒÏ❰❰♠Ú
❒✃á❒ ÑÏ❒ÏÓ Õ✃ ÒÖÛÔ❒ ❒❮✃ ÔÛØÝ✃❐ ÖÜ ÒÏ❰❰♠❒✃á❒ ✃➱✃Ô❒Ð ÜÖ❐ Ï â×➱✃Ô ÛÐ✃❐
×Ô ❒×Ø✃ Ý×ÔÐ ÖÜ ✭ ❮Þ ò✃ ❒❮✃Ô ✣❒ ÏÔ ÏÛ❒Ö❐✃â❐✃ÐÐ×➱✃ Ð✃❐×✃ÐÓ Õ❮×Ò❮ Ý✃Ð❒
Ù❐✃Ñ×Ò❒Ð ❒❮✃ ÏÒ❒×➱×❒à ×Ô ❒×Ø✃ Ý×Ô ❪❫ Ü❐ÖØ Ù❐✃➱×ÖÛÐ ÏÒ❒×➱×❒×✃Ð ÖÔ ❒❮✃
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ò✃ ✣ÔÏ❰❰à ✃á❒❐ÏÒ❒ Ï ❐ÏÔâ✃ ÖÜ Ü✃Ï❒Û❐✃Ð ÒÖÔÒ✃❐Ô×Ôâ Ï ÛÐ✃❐❬Ð ÐÖÒ×Ï❰
ÒÖÔ❒ÏÒ❒ÐÞ ❚❮×Ð ×ÔÒ❰ÛÑ✃Ð ❒❮✃×❐ ÔÛØÝ✃❐ ÖÜ äÏÒ✃ÝÖÖß Ü❐×✃ÔÑÐ ÏÔÑ ❒❮✃
Ü❐ÏÒ❒×ÖÔ ÖÜ ❒❮✃ ❒×Ø✃ ÛÐ✃❐Ð ÐÙ✃ÔÑ ×Ô ❒❮✃ Ù❐Öá×Ø×❒à ÖÜ Ö❒❮✃❐ ÙÏ❐❒×Ò×Ú
ÙÏÔ❒Ð ×Ô ❒❮✃ Ð❒ÛÑàÞ ❚❮×Ð ×Ð ✃Ð❒×ØÏ❒✃Ñ Ü❐ÖØ ❐✃Ù✃Ï❒✃Ñ ÏÛ❒ÖØÏ❒×Ò ÐÒÏÔÐ
Ýà ❒❮✃ ø❰Û✃❒ÖÖ❒❮ ÙÖ❐❒ÐÞ ❚❮✃ ✃Ô❒❐ÖÙà ÖÜ ❒❮✃ Ù❐Öá×Ø×❒à ×Ð Ï❰ÐÖ ÒÏ❰ÒÛÚ
❰Ï❒✃Ñ Ð×Ø×❰Ï❐❰à ❒Ö ✁ãÞ æéêÓ ÏÐ Õ✃❰❰ ÏÐ ❒❮✃ ❒×Ø✃ Ð✃❐×✃Ð ÙÏ❐ÏØ✃❒✃❐Ð ÏÐ
Ñ✃ÐÒ❐×Ý✃Ñ ×Ô ✁ãÞ æçêÞ

❶❷❸❷ ❹✞❛✆✆✁❺✦❛✣✁✧✄

ò✃ Ñ×➱×Ñ✃ ❒❮✃ ÐÒÖ❐✃Ð ÖÔ ✃ÏÒ❮ ÖÜ ❒❮✃ ✣➱✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð ×Ô❒Ö
❒✃❐❒×❰✃ÐÓ ×Þ✃Þ Õ✃ ÏÐÐ×âÔ Ï ❰ÏÝ✃❰ ÖÜ èÓ é Ö❐ ç ÐÙ✃Ò×Üà×Ôâ Õ❮✃❒❮✃❐ ❒❮✃à
ÐÒÖ❐✃ ❰ÖÕÓ Ø✃Ñ×ÛØÓ Ö❐ ❮×â❮ ÖÔ ❒❮Ï❒ ❒❐Ï×❒Ó ÒÖ❐❐✃ÐÙÖÔÑ×Ôâ ❒Ö ❒❮✃Ø
❰à×Ôâ ×Ô ❒❮✃ ÝÖ❒❒ÖØÓ Ø×ÑÑ❰✃Ó Ö❐ ÛÙÙ✃❐ ❒❮×❐ÑÓ ❐✃ÐÙ✃Ò❒×➱✃❰àÓ ÖÜ Ï❰❰
❒❮✃ ÛÐ✃❐ ÐÒÖ❐✃Ð ÜÖ❐ ❒❮Ï❒ ❒❐Ï×❒Þ ò✃ ÑÖ ❒❮×Ð ÜÖ❐ ❒ÕÖ ❐✃ÏÐÖÔÐ Ú ✣❐Ð❒Ó ❒❮×Ð
❮ÏÐ Ý✃✃Ô ÑÖÔ✃ ×Ô ✃á×Ð❒×Ôâ ❐✃Ð✃Ï❐Ò❮ å❮×❒❒Ï❐ÏÔíÏÔ ✃❒ Ï❰Þ æçèééÏêÓ Ñ✃
÷ÖÔ❒íÖà✃ ✃❒ Ï❰Þ æçèéýê ÏÔÑ ❮✃ÔÒ✃ Ï❰❰ÖÕÐ ÒÖØÙÏ❐×ÐÖÔ Ý✃❒Õ✃✃Ô
ÖÛ❐ ❐✃ÐÛ❰❒Ð ÏÔÑ ❒❮ÖÐ✃ ×Ô ❒❮✃ ❰×❒✃❐Ï❒Û❐✃Þ þ✃ÒÖÔÑÓ Ï❰❒❮ÖÛâ❮ ❐✃â❐✃ÐÐ×ÖÔ
ÏÙÙ❐ÖÏÒ❮✃Ð ❮Ï➱✃ Ô×Ò✃ ÏÒÒÛ❐ÏÒà Ø✃❒❐×ÒÐ ❰×ß✃ ❒❮✃ Ø✃ÏÔ ÐãÛÏ❐✃Ñ ✃❐❐Ö❐
æ÷þ✁êÓ Õ❮×Ò❮ Ù❐Ö➱×Ñ✃Ð Ï ÔÛØÝ✃❐ ÜÖ❐ ❮ÖÕ ÜÏ❐ Ü❐ÖØ ❒❮✃ ❒❐Û✃ ➱Ï❰Û✃Ð
❒❮✃ Ù❐✃Ñ×Ò❒×ÖÔ ÖÜ ❒❮✃ ❐✃â❐✃ÐÐÖ❐ ❒àÙ×ÒÏ❰❰à ×ÐÓ ❒❮×Ð Ø✃ÏÐÛ❐✃ ×Ð ÔÖ❒ ÙÏ❐Ú
❒×ÒÛ❰Ï❐❰à Ø✃ÏÔ×ÔâÜÛ❰ ÖÔ Ö❐Ñ×ÔÏ❰ ➱Ï❰Û✃Ð ❰×ß✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒ÐÓ
Õ❮✃❐✃ ✃ÞâÞ ❮×â❮✃❐ ✃á❒❐Ï➱✃❐Ð×ÖÔ ÐÒÖ❐✃Ð Ø✃ÏÔ Ï Ù✃❐ÐÖÔ ×Ð ØÖ❐✃ ✃á❒❐ÖÚ
➱✃❐❒✃ÑÓ ÝÛ❒ ❒❮✃❐✃❬Ð ÔÖ Ù❐✃Ò×Ð✃ ×Ô❒✃❐Ù❐✃❒Ï❒×ÖÔ ÜÖ❐ Ï Ñ×ÜÜ✃❐✃ÔÒ✃ ×Ô
✃á❒❐Ï➱✃❐Ð×ÖÔ ÐÒÖ❐✃ ÖÜÓ ÐÏàÓ èÞçÞ

➮Û❐ ØÖÑ✃❰ ÖÜ Ò❮Ö×Ò✃ ÜÖ❐ Ù❐✃Ñ×Ò❒×Ôâ ❒❮✃ Ò❰ÏÐÐ×✣ÒÏ❒×ÖÔ ❰ÏÝ✃❰Ð ❻

Ü❐ÖØ ❒❮✃ Ü✃Ï❒Û❐✃ ➱✃Ò❒Ö❐Ð ❼ ×Ð Ï ÐÛÙÙÖ❐❒ ➱✃Ò❒Ö❐ ØÏÒ❮×Ô✃ æþð÷ê ÛÐ×Ôâ
Ï ❐ÏÑ×Ï❰ ÝÏÐ×Ð ÜÛÔÒ❒×ÖÔ æüøäê ß✃❐Ô✃❰ ❽✃Ï❐Ð❒Ó ❉ÛØÏ×ÐÓ ➮ÐÛÔÏÓ ú❰Ï❒❒Ó
ÏÔÑ þÒ❮❾❰ßÖÙÜ æé��✂êÞ ❚❮×Ð ØÖÑ✃❰ ❐✃ãÛ×❐✃Ð ❒❮Ï❒ ❒ÕÖ ❮àÙ✃❐ÙÏ❐ÏØ✃Ú
❒✃❐Ð Ï❐✃ ✣á✃Ñ Ú Ï Ø×ÐÒ❰ÏÐÐ×✣ÒÏ❒×ÖÔ ÒÖÐ❒ ❹ ÏÔÑ Ï Ð❮Ï❐ÙÔ✃ÐÐ ❿ ÖÜ ❒❮✃
ùÏÛÐÐ×ÏÔ ÝÏÐ×Ð ÜÛÔÒ❒×ÖÔÐÞ ò✃ ❒Ïß✃ ❒ÕÖ ÏÙÙ❐ÖÏÒ❮✃Ð ÜÖ❐ Ü✃Ï❒Û❐✃
Ð✃❰✃Ò❒×ÖÔ ÏÔÑ ØÖÑ✃❰ ✣❒❒×ÔâÓ ÏÔÑ ÐÛÝÐ✃ãÛ✃Ô❒❰à ÒÖØÙÏ❐✃ ❒❮✃ ❐✃ÐÛ❰❒ÐÞ
■Ô ÝÖ❒❮ ÏÙÙ❐ÖÏÒ❮✃ÐÓ Õ✃ ÛÐ✃ ❒❮✃ ÒÖ❐❐✃❰Ï❒×ÖÔ Ý✃❒Õ✃✃Ô Ù❮ÖÔ✃ÚØ✃❒❐×ÒÐ
ÏÔÑ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð ÏÐ Ï ❮✃Û❐×Ð❒×Ò ÜÖ❐ Ü✃Ï❒Û❐✃ Ð✃❰✃Ò❒×ÖÔ ÏÔÑ
×ÔÒ❰ÛÑ✃ ❒❮✃ ÔÛØÝ✃❐ ÖÜ Ü✃Ï❒Û❐✃Ð ✄ ÏÐ Ï ❮àÙ✃❐ÙÏ❐ÏØ✃❒✃❐ ÖÜ ❒❮✃
ØÖÑ✃❰Þ

■Ô ❒❮✃ ✣❐Ð❒ ÏÙÙ❐ÖÏÒ❮Ó Õ✃ Ù✃❐ÜÖ❐Ø Ï ÔÛØÝ✃❐ ÖÜ Ò❐ÖÐÐÚ➱Ï❰×ÑÏ❒×ÖÔ
❐ÛÔÐÞ äÖ❐ ✃ÏÒ❮ ❒❐Ï×Ô×Ôâ Ð✃❒ ×Ô❒❐ÖÑÛÒ✃Ñ ÑÛ❐×Ôâ ❒❮✃ Ò❐ÖÐÐÚ➱Ï❰×ÑÏ❒×ÖÔÓ
Õ✃ ✣❐Ð❒ Ò❮ÖÖÐ✃ ❒❮✃ ✄ Ü✃Ï❒Û❐✃Ð Õ×❒❮ ❒❮✃ Ð❒❐ÖÔâ✃Ð❒ ÒÖ❐❐✃❰Ï❒×ÖÔÐ Õ×❒❮
❒❮✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð ÏÔÑ Ù✃❐ÜÖ❐Ø ÏÔ ✃á❒✃ÔÐ×➱✃ â❐×Ñ Ð✃Ï❐Ò❮ ×Ô ❒❮✃
❮àÙ✃❐ÙÏ❐ÏØ✃❒✃❐ ÐÙÏÒ✃Þ îÐ Ï ÒÖÔÐ✃ãÛ✃ÔÒ✃Ó ÝÖ❒❮ ❒❮✃ ❮àÙ✃❐ÙÏ❐ÏØ✃❒✃❐
➱Ï❰Û✃Ð ÏÔÑ ❒❮✃ Ü✃Ï❒Û❐✃Ð ×ÔÒ❰ÛÑ✃Ñ ×Ô ❒❮✃ Ò❰ÏÐÐ×✣✃❐ Õ×❰❰ ➱Ï❐à Ý✃❒Õ✃✃Ô
✃ÏÒ❮ Ò❐ÖÐÐ ➱Ï❰×ÑÏ❒×ÖÔ ❐ÛÔÓ ÙÖ❒✃Ô❒×Ï❰❰à ØÏß×Ôâ ×❒ ØÖ❐✃ Ñ×Ü✣ÒÛ❰❒ ❒Ö
×Ô❒✃❐Ù❐✃❒ ❒❮✃ ❐✃ÐÛ❰❒ÐÞ î❒ ❒❮✃ ÐÏØ✃ ❒×Ø✃Ó ❮ÖÕ✃➱✃❐Ó ❒❮×Ð ✃ÔÐÛ❐✃Ð ❒❮Ï❒
❒❐Ï×Ô×Ôâ ÏÔÑ ❒✃Ð❒ Ð✃❒Ð Ï❐✃ ÒÖØÙ❰✃❒✃❰à Ð✃ÙÏ❐Ï❒✃ÑÓ ÏÔÑ ❒❮ÛÐ ❒❮Ï❒ Õ✃
ÑÖ ÔÖ❒ ÖÝÐ✃❐➱✃ Ö➱✃❐❰à ÖÙ❒×Ø×Ð❒×Ò ❐✃ÐÛ❰❒Ð ÒÏÛÐ✃Ñ Ýà Ö➱✃❐✣❒❒×ÔâÞ➀ ➁➂➃➄➅➃➇➅➈ ➃➉ ➊➉➉➋➌➍➍➎➈➃➅➄➉➏➐➑➒➒➑➓➔→➒➈➣➄➃→➒➄➉→➈➣↔➍↕➎➄➈➓➣➔➣➃➉➃➔➈➉→➊➉➒➅
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■Ô Ï Ð✃ÒÖÔÑ ÏÔÑ ❰✃ÐÐ ÐÏÜ✃ ÏÙÙ❐ÖÏÒ❮Ó ÜÖ❰❰ÖÕ×Ôâ Ñ✃ ÷ÖÔ❒íÖà✃ ✃❒ Ï❰Þ
æçèéýêÓ Õ✃ ÛÐ✃ Ï Ü✃Ï❒Û❐✃❬Ð ÒÖ❐❐✃❰Ï❒×ÖÔ Õ×❒❮ Ï â×➱✃Ô ❒❐Ï×❒ ÏÐ Ï ❮✃Û❐×ÐÚ
❒×Ò ÜÖ❐ ✃Ð❒×ØÏ❒×Ôâ ❒❮✃ ×ØÙÖ❐❒ÏÔÒ✃ ÖÜ ❒❮✃ Ü✃Ï❒Û❐✃Þ ò✃ ❒❮ÛÐ ❐ÏÔß ❒❮✃
Ü✃Ï❒Û❐✃Ð Ýà ❒❮✃×❐ ÒÖ❐❐✃❰Ï❒×ÖÔÐ ❒Ö Ï â×➱✃Ô ❒❐Ï×❒Ó ÏÔÑ Ñ✃✣Ô✃ ÏÔÖ❒❮✃❐
ÙÏ❐ÏØ✃❒✃❐ ✄Ó Ñ✃ÔÖ❒×Ôâ ❒❮✃ ÔÛØÝ✃❐ ÖÜ Ü✃Ï❒Û❐✃Ð ❒Ö ×ÔÒ❰ÛÑ✃Ó Ð❒Ï❐❒×Ôâ
Õ×❒❮ ❒❮✃ ÖÔ✃ ØÖÐ❒ ÒÖ❐❐✃❰Ï❒✃Ñ ❒Ö ❒❮✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒ ×Ô ãÛ✃Ð❒×ÖÔÞ
❚❮✃ ❮àÙ✃❐ÙÏ❐ÏØ✃❒✃❐ ➱Ï❰Û✃Ð ÏÔÑ ❒❮✃ Ü✃Ï❒Û❐✃ Ð✃❰✃Ò❒×ÖÔ Ï❐✃ ✣❐Ð❒ ✣á✃Ñ
Ýà Ù✃❐ÜÖ❐Ø×Ôâ Ï â❐×ÑÚÐ✃Ï❐Ò❮ Ù❐ÖÒ✃ÑÛ❐✃ ÖÔ ❒❮✃ ÜÛ❰❰ ÑÏ❒ÏÐ✃❒Ó ×ÔÒ❰ÛÑÚ
×Ôâ ×Ô❒Ö ❒❮✃ ✣ÔÏ❰ Ò❰ÏÐÐ×✣✃❐ ❒❮✃ ✄ Ü✃Ï❒Û❐✃Ð Õ×❒❮ ❒❮✃ Ð❒❐ÖÔâ✃Ð❒ ÒÖ❐❐✃Ú
❰Ï❒×ÖÔÐ ❒Ö ❒❮✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒ ×Ô ❒❮✃ ÜÛ❰❰ ÑÏ❒ÏÐ✃❒Þ ❚❮×Ð ❮ÏÐ ❒❮✃
Ñ×ÐÏÑ➱ÏÔ❒Ïâ✃ ÖÜ Ý✃×Ôâ ➱Û❰Ô✃❐ÏÝ❰✃ ❒Ö Ö➱✃❐✣❒❒×ÔâÓ ✃ÐÙ✃Ò×Ï❰❰à ÖÔ ÐØÏ❰Ú
❰✃❐ ÑÏ❒ÏÐ✃❒ÐÓ ÏÐ ×❒ Ï❰❰ÖÕÐ ❒❮✃ Ò❰ÏÐÐ×✣✃❐ ❒Ö ✃áÙ❰Ö×❒ ÒÖ×ÔÒ×Ñ✃Ô❒Ï❰ ÒÖ❐❐✃Ú
❰Ï❒×ÖÔÐ Ý✃❒Õ✃✃Ô Ù❮ÖÔ✃ Ø✃❒❐×ÒÐ ÏÔÑ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð ÜÖ❐
Ù❐✃Ñ×Ò❒×ÖÔÞ ➮Ô ❒❮✃ Ö❒❮✃❐ ❮ÏÔÑÓ ❒❮×Ð ÏÙÙ❐ÖÏÒ❮ ❮ÏÐ ❒❮✃ ÏÑ➱ÏÔ❒Ïâ✃
❒❮Ï❒ ❮àÙ✃❐ÙÏ❐ÏØ✃❒✃❐ ➱Ï❰Û✃Ð ÏÔÑ Ü✃Ï❒Û❐✃ Ð✃❰✃Ò❒×ÖÔ ×Ð ÖÔ❰à Ñ✃❒✃❐Ú
Ø×Ô✃Ñ ÖÔÒ✃Ó Õ❮×Ò❮ ØÏà Ï×Ñ ×Ô ×Ô❒✃❐Ù❐✃❒×Ôâ ❐✃ÐÛ❰❒ÐÞ ❚❮✃ ➱Ï❰Û✃Ð ÖÜ
❒❮✃ ❮àÙ✃❐ÙÏ❐ÏØ✃❒✃❐Ð ❹ ÏÔÑ ❿ Ï❐✃ Ð❮ÖÕÔ ×Ô ❚ÏÝ❰✃ çÓ ÏÔÑ ❒❮✃ Ü✃Ï❒Û❐✃Ð
×ÔÒ❰ÛÑ✃Ñ ×Ô❒Ö ❒❮✃ Ò❰ÏÐÐ×✣✃❐Ð ÜÖ❐ ❒❮✃ ✣➱✃ ❒❐Ï×❒Ð Ï❐✃ Ð❮ÖÕÔ ×Ô ❚ÏÝ❰✃ éÞ
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❂❅❅✳✿❂❃✰❈ ✿r✴▲✐✵✲✹ ❂❇✿❁✲❈ ✯✰✲✳✲ ✰◗❅✲✳❅❂✳❂❆✲✴✲✳✾ ❂✳✲ ❩✴✴✲✹ ✾✲❅❂■

✳❂✴✲▲◗ ✿✵ ✲❂❃✰ ✴✳❂✐✵✐✵❘ ✾✲✴✾❈ ✯✲ ✿❇✴❂✐✵ ✴✰✲ ✳✲✾r▲✴✾ ✾✰✿✯✵ ✐✵ ❖❂❇▲✲ ✓◆

■✵ ❘✲✵✲✳❂▲❈ ✿r✳ ✳✲▲❂✴✐❁✲ ✐❆❅✳✿❁✲❆✲✵✴✾ ✿❁✲✳ ✴✰✲ ❇❂✾✲▲✐✵✲ ❂✳✲ ❆r❃✰

▲✿✯✲✳ ✴✰❂✵ ✴✰✿✾✲ ✳✲❅✿✳✴✲✹ ✐✵ ✴✰✲ ▲✐✴✲✳❂✴r✳✲◆ ❖✰✲ ✿✵▲◗ ✲✻❃✲❅✴✐✿✵ ✐✾

✴✰✲ ✲✻✴✳❂❁✲✳✾✐✿✵ ✴✳❂✐✴ ✐✵ ✴✰✲ ❈✔✕ ✹❂✴❂✾✲✴❈ ✯✰✐❃✰ ❂✴ ✴✰✲ ✾❂❆✲ ✴✐❆✲

✐✾ ✴✰✲ ✿✵▲◗ ✴✳❂✐✴ ✴✰❂✴ ❃❂✵ ❇✲ ❅✳✲✹✐❃✴✲✹ ✾✐❘✵✐❩❃❂✵✴▲◗ ❇✲✴✴✲✳ ✴✰❂✵

❇❂✾✲▲✐✵✲◆

ò✃ ÔÖÕ ÒÖØÙÏ❐✃ ❒❮✃Ð✃ ❐✃ÐÛ❰❒Ð Õ×❒❮ ❒❮✃ ❰✃ÐÐ ÐÏÜ✃ ÏÙÙ❐ÖÏÒ❮Ó
Õ❮✃❐✃ ❮àÙ✃❐ÙÏ❐ÏØ✃❒✃❐Ð Ï❐✃ Ñ✃❒✃❐Ø×Ô✃Ñ ÏÔÑ Ü✃Ï❒Û❐✃Ð Ð✃❰✃Ò❒✃Ñ ÖÔ
❒❮✃ ÜÛ❰❰ ÑÏ❒ÏÐ✃❒Þ äÖ❐ ❒❮✃ ää ÑÏ❒ÏÓ Õ✃ ÖÝ❒Ï×Ô ❐✃❰Ï❒×➱✃ ×ØÙ❐Ö➱✃Ø✃Ô❒Ð
ÖÜ ❒❮✃ ❒❐Ï×❒ Ù❐✃Ñ×Ò❒×ÖÔ ×Ô ❒❮✃ ❐ÏÔâ✃ èÞé✼✭✵èÞÿ�ý æÕ×❒❮ Ï Ø✃ÏÔ
×ØÙ❐Ö➱✃Ø✃Ô❒ ÖÜ èÞýéê ÝÏÐ✃Ñ ÖÔ éè✹ ÝÖÖ❒Ð❒❐ÏÙ ÐÏØÙ❰✃ÐÞ äÖ❐ ❒❮✃
åõþ ÑÏ❒ÏÐ✃❒Ó Õ✃ ÖÝ❒Ï×Ô ❐✃❰Ï❒×➱✃ ×ØÙ❐Ö➱✃Ø✃Ô❒Ð Ö➱✃❐ ❒❮✃ ÔÛ❰❰ ØÖÑ✃❰
×Ô ❒❮✃ ❐ÏÔâ✃ ✖èÞèçÿ ❒Ö èÞý✭✼ æÕ×❒❮ Ï Ø✃ÏÔ ×ØÙ❐Ö➱✃Ø✃Ô❒ ÖÜ èÞééêÞ
❚❮✃ ❐✃ÐÛ❰❒Ð ÜÖ❐ ✃ÏÒ❮ ❒❐Ï×❒ ×Ô ✃ÏÒ❮ ÑÏ❒ÏÐ✃❒ ×Ð Ð❮ÖÕÔ ×Ô ❚ÏÝ❰✃ ÿÞ

■Ô Ñ✃ ÷ÖÔ❒íÖà✃ ✃❒ Ï❰Þ æçèéýê Ï Ø✃ÏÔ ❐✃❰Ï❒×➱✃ ×ØÙ❐Ö➱✃Ø✃Ô❒ ÖÜ
èÞÿç ×Ð ❐✃ÙÖ❐❒✃ÑÓ Õ❮×Ò❮ ×Ð Ð×âÔ×✣ÒÏÔ❒❰à ÏÝÖ➱✃ Õ❮Ï❒ ×Ð ❐✃ÙÖ❐❒✃Ñ ×Ô
ÏÔÖ❒❮✃❐ Ð❒ÛÑà å❮×❒❒Ï❐ÏÔíÏÔÓ ø❰ÖØÓ ÏÔÑ ùÏ❒×ÒÏÚú✃❐✃ì æçèéýêÞ ò✃
ÔÖ❒✃ ❒❮Ï❒ Ð×âÔ×✣ÒÏÔ❒ ×ØÙ❐Ö➱✃Ø✃Ô❒Ð Ö➱✃❐ Ï ÝÏÐ✃❰×Ô✃ Ò❰ÏÐÐ×✣✃❐ ÜÖ❐
❒❐Ï×❒Ð Ö❒❮✃❐ ❒❮ÏÔ ✃á❒❐Ï➱✃❐Ð×ÖÔ ÏÙÙ✃Ï❐Ð ÒÖÔ❒×Ôâ✃Ô❒ ÖÔ æÏê ❮Ï➱×Ôâ
Ü✃Õ ÑÏ❒Ï ÙÖ×Ô❒ÐÓ ÏÔÑ æÝê ÛÐ×Ôâ ÒÖ❐❐✃❰Ï❒×ÖÔÐ ÖÔ ❒❮✃ ÜÛ❰❰ ÑÏ❒ÏÐ✃❒ ÜÖ❐
Ü✃Ï❒Û❐✃ Ð✃❰✃Ò❒×ÖÔÓ ❒❮ÛÐ Ï❰❰ÖÕ×Ôâ ❒❮✃ ØÖÑ✃❰ ❒Ö Ý✃ ✣❒ ❒Ö ÔÖ×Ð✃Þ ❽✃ÔÒ✃Ó
×❒ Ð✃✃ØÐ ❰×ß✃❰à ❒❮Ï❒ ✃Ï❐❰×✃❐ ❐✃ÙÖ❐❒Ð ÖÜ ❮×â❮ Ù❐✃Ñ×Ò❒ÏÝ×❰×❒à ÖÜ ❮ÛØÏÔ

❚✗✘✙✚ ✶

❋➈➃➉↔➎➈➔ ➄➓➐➅↔➣➈➣ ➄➓ ➉➊➈ ➐➅➃➔➔➄✛➈➎➔→ ✜➃➇➅➈ ➑↕ ➉➊➈ ↕➈➃➉↔➎➈➔ ➄➓➐➅↔➣➈➣ ➄➓ ➉➊➈ ➐➅➃➔➔➄✛➈➎➔ ↕➑➎ ➈➃➐➊ ➑↕ ➉➊➈ ❇➄✢ ❋➄➂➈ ➉➎➃➄➉➔ ➃➇➇➎➈➂➄➃➉➈➣ ➑➋➈➓➓➈➔➔ ✭✣✤✥ ➐➑➓➔➐➄➈➓➉➄➑↔➔➓➈➔➔ ✭✦✤✥ ➈❡➉➎➃➂➈➎➔➄➑➓ ✭✧✤✥

➃✢➎➈➈➃➇➅➈➓➈➔➔ ✭➁✤ ➃➓➣ ➓➈↔➎➑➉➄➐➄➔➒ ✭★✤→ ➁ ➣➑➉ ➄➓ ➃ ✢➄➂➈➓ ➎➑✩➍➐➑➅↔➒➓ ➄➓➣➄➐➃➉➈➔ ➉➊➃➉ ➉➊➈ ↕➈➃➉↔➎➈ ➐➑➎➎➈➔➋➑➓➣➄➓✢ ➉➑ ➉➊➈ ➎➑✩ ✩➃➔ ➄➓➐➅↔➣➈➣ ➄➓ ➉➊➈ ➐➅➃➔➔➄✛➈➎ ➋➎➈➣➄➐➉➄➓✢ ➉➊➈ ➋➈➎➔➑➓➃➅➄➉➏

➉➎➃➄➉ ➐➑➎➎➈➔➋➑➓➣➄➓✢ ➉➑ ➉➊➈ ➐➑➅↔➒➓→ ❉➈➉➃➄➅➈➣ ➣➈➔➐➎➄➋➉➄➂➈ ➔➉➃➉➄➔➉➄➐➔ ➃➓➣ ➂➄➔↔➃➅➄✈➃➉➄➑➓➔ ↕➑➎ ➉➊➈ ↕➈➃➉↔➎➈➔ ➃➎➈ ➄➓➐➅↔➣➈➣ ➄➓ ➉➊➈ ➃➋➋➈➓➣➄❡→

❶◗✇❫⑤❞◗ ❖ ❈ ❊ ✉ ◆

❈②③❫✇❱❫ ◗③❫❞②❪⑥ ⑤❦❲③⑨ ❩r❸❷ ❵❲③❦ ✪

❈✇①① ❨⑤❞✇❫❲②③ ✌❴◗❨❲✇③✮ ✪

❈✇①① ❨⑤❞✇❫❲②③ ✌❦❫✇③❨✇❞❨ ❨◗❳❲✇❫❲②③✮ ✪

❈✇①① ❲③❫◗❞❸◗❳◗③❫ ❫❲❴◗ ✌❦❫✇③❨✇❞❨ ❨◗❳❲✇❫❲②③✮ ✪ ✪

⑧◗❞❱◗③❫ ②❢ ✇ ⑤❦◗❞✉❦ ❱✇①①❦ ❲③❲❫❲✇❫◗❨ ❵⑥ ❫❷◗❴❦◗①❳◗❦ ✪

❈✇①①✝❫◗✏❫ ❱②③❫✇❱❫❸❲③❫◗❞✇❱❫❲②③ ❞✇❫❲② ✪

❈✇①①✝❫◗✏❫ ❲③❫◗❞❸◗❳◗③❫ ❫❲❴◗ ❴◗❨❲✇③ ✪

❈✇①①✝❫◗✏❫ ❲③❫◗❞❸◗❳◗③❫ ❫❲❴◗ ✌❦❫❨✮ ✪ ✪ ✪ ✪

☞③⑨②❲③⑨ ❱✇①①✝❫◗✏❫ ✉❘ ❦◗❞❲◗❦ ❱②◗❢✫❱❲◗③❫ ✐✬ ✪

☞③⑨②❲③⑨ ❱✇①①✝❫◗✏❫ ✉❘ ❦◗❞❲◗❦ ❱②◗❢✫❱❲◗③❫ r ✪

◆⑤❴❵◗❞ ②❢ ❱②③❫✇❱❫❦ ❨⑤❞❲③⑨ ❫❷◗ ✫❞❦❫ ❫❷❞◗◗ ❴②③❫❷❦ ✪ ✪

◆⑤❴❵◗❞ ②❢ ❱✇①①✝❫◗✏❫ ◗❳◗③❫❦ ✪

◆⑤❴❵◗❞ ②❢ ❫◗✏❫❦ ✪

◆⑤❴❵◗❞ ②❢ ❶✇❱◗❵②②✕ ❢❞❲◗③❨❦ ✪ ✪

❖⑤❫⑨②❲③⑨ ❱✇①①✝❫◗✏❫ ✉❘ ❦◗❞❲◗❦ ❱②◗❢✫❱❲◗③❫ ❩ ✪

❖⑤❫⑨②❲③⑨ ❱✇①①✝❫◗✏❫ ✉❘ ❦◗❞❲◗❦ ❱②◗❢✫❱❲◗③❫ r ✪

☛◗✏❫ ❱②③❫✇❱❫✝❲③❫◗❞✇❱❫❲②③ ❞✇❫❲② ✪

☛◗✏❫ ❲③❫◗❞❸◗❳◗③❫ ❫❲❴◗ ✌❴◗❨❲✇③✮ ✪

☛◗✏❫ ❲③❫◗❞❸◗❳◗③❫ ❫❲❴◗ ✌❦❫✇③❨✇❞❨ ❨◗❳❲✇❫❲②③✮ ✪ ✪ ✪ ✪

✖◗❨❲✇③ ❫◗✏❫ ❞◗❦❪②③❦◗ ❫❲❴◗ ✪

❶❞✇❱❫❲②③ ②❢ ❫◗✏❫❦ ❫❷✇❫ ✇◗❞◗ ②⑤❫⑨②❲③⑨ ✪

❶❞✇❱❫❲②③ ②❢ ❫◗✏❫❦ ❞◗❦❪②③❨◗❨ ❫② ✇❲❫❷❲③ ✇③ ❷②⑤❞ ✪ ✪ ✪

❚✗✘✙✚ ✷

✦➊➑➄➐➈ ➑↕ ➊➏➋➈➎➋➃➎➃➒➈➉➈➎➔→ ✜➊➈ ➂➃➅↔➈➔ ↕➑➎ ➉➊➈ ➊➏➋➈➎➋➃➎➃➒➈➉➈➎➔ ✮ ➃➓➣ ✯ ✩➊➄➐➊ ✢➃➂➈

➉➊➈ ➇➈➔➉ ➋➎➈➣➄➐➉➄➑➓ ➄➓ ➉➊➈ ✢➎➄➣ ➔➈➃➎➐➊→

❖❪◗③③◗❦❦ ❈②③❦❱❲◗③❫✞ ❊✏❫❞✇❳✞ ✉⑨❞◗◗✇❵①◗✞ ◆◗⑤❞②❫❲❱❲❦❴
❈ ❣✞✈ ❣✞✈ ✐✞❣ r❩✞❣ ✐✞❣
✰ ❣✞❩ ❩✞❣ ❣✞❣✠ ❣✞❥✠ ✐✞❣

❚✗✘✙✚ ✱

✦➅➃➔➔➄✛➈➎ ➋➈➎↕➑➎➒➃➓➐➈ ✩➊➈➓ ➑➓➅➏ ➐➑➎➎➈➅➃➉➄➑➓➔ ➄➓➉➈➎➓➃➅ ➉➑ ➉➊➈ ➉➎➃➄➓➄➓✢ ➔➈➉ ➃➎➈ ↔➔➈➣ ↕➑➎

➂➃➎➄➃➇➅➈ ➔➈➅➈➐➉➄➑➓→ ✦➑➒➋➃➎➄➔➑➓ ➑↕ ➋➈➎↕➑➎➒➃➓➐➈➔ ➑➓ ➉➊➈ ❋❋ ➃➓➣ ✦★✲ ➣➃➉➃➔➈➉➔ ✩➊➈➓ ➉➊➈

➐➅➃➔➔➄✛➈➎ ➔➈➅➈➐➉➔ ↕➈➃➉↔➎➈➔ ➄➓ ➈➃➐➊ ➐➎➑➔➔ ➂➃➅➄➣➃➉➄➑➓ ➎↔➓ ➇➃➔➈➣ ➑➓➅➏ ➑➓ ➉➎➃➄➓➄➓✢ ➔➈➉

➐➑➎➎➈➅➃➉➄➑➓➔ ➇➈➉✩➈➈➓ ↕➈➃➉↔➎➈➔ ➃➓➣ ➋➈➎➔➑➓➃➅➄➉➏ ➉➎➃➄➉➔→

☛❞✇❲❫ ❶❶ ❈◆❭
❖❪◗③③◗❦❦ ✈✿✬ ✳ ✐✵✿r ✬✿r ✳ ✬✿r
❈②③❦❱❲◗③❫❲②⑤❦③◗❦❦ r✿✈ ✳ ✐❬✿❬ ✴✐✿❩✳ ✐✿❬
❊✏❫❞✇❳◗❞❦❲②③ ✴✈✿✵ ✳ ✐✈✿✵ ✬✠✿❬✳ ✐✿✬

✉⑨❞◗◗✇❵①◗③◗❦❦ ✴✠✿❩✳ ✐✈✿❣ ✴❣✿❣ ✳ ✬✿❬
◆◗⑤❞②❫❲❱❲❦❴ ✐❩✿❬ ✳ ❩❣✿❣ ✴❣✿✈ ✳ ❩✿❬

❚✗✘✙✚ ✺

P➈➎↕➑➎➒➃➓➐➈ ➑↕ ➉➊➈ ➐➅➃➔➔➄✛➈➎→ ✦➑➒➋➃➎➄➔➑➓ ➑↕ ➉➊➈ ➎➈➅➃➉➄➂➈ ➄➒➋➎➑➂➈➒➈➓➉ ➑➂➈➎ ➇➃➔➈➅➄➓➈

➑↕ ➑↔➎ ➐➅➃➔➔➄✛➈➎ ➑➓ ➈➃➐➊ ➑↕ ➉➊➈ ❇➄✢ ❋➄➂➈ ➉➎➃➄➉➔ ➄➓ ➑↔➎ ➣➃➉➃➔➈➉ ✭♥ ➻ ✻✼✻✤ ✩➄➉➊ ➉➊➈ ❋➎➄➈➓➣➔

➃➓➣ ❋➃➒➄➅➏ ➣➃➉➃➔➈➉ ✭♥ ➻ ✼✽✤→

☛❞✇❲❫ ❶❶ ❈◆❭
❖❪◗③③◗❦❦ ✬✠✿✬ ✳ ✐✐✿✠ ❬✿❩ ✳ ❩✿✈
❈②③❦❱❲◗③❫❲②⑤❦③◗❦❦ ✐❬✿❬✳ ✐✬✿✵ ✴❩✿r ✳ ❩✿r
❊✏❫❞✇❳◗❞❦❲②③ r✵✿✬ ✳ ✐❩✿❥ ✬❬✿❥ ✳ ✐✿✐
✉⑨❞◗◗✇❵①◗③◗❦❦ ✐❥✿❬✳ ✐✠✿✐ ✈✿r ✳ ✬✿❩
◆◗⑤❞②❫❲❱❲❦❴ ✬❥✿✐ ✳ ✐❥✿✵ ✠✿✠ ✳ ❩✿❩
✖◗✇③ ✬✐✿❩✳ ❬✿r ✐❣✿✵ ✳ ✐✿✐
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Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð Ü❐ÖØ Ù❮ÖÔ✃ Ø✃❒❐×ÒÐ ❮Ï➱✃ Ý✃✃Ô â❐✃Ï❒❰à Ö➱✃❐✃Ð❒×Ú
ØÏ❒✃Ñ ÑÛ✃ ❒Ö Ö➱✃❐✣❒❒×Ôâ ✃ÔÏÝ❰✃Ñ Ýà Ï ÒÖØÝ×ÔÏ❒×ÖÔ ÖÜ ÐØÏ❰❰ ÐÏØÙ❰✃
Ð×ì✃Ð ÏÔÑ Ï ❰Ï❐â✃ ÔÛØÝ✃❐ ÖÜ ➱Ï❐×ÏÝ❰✃ÐÞ ò✃ ÔÖ❒✃ ❒❮Ï❒ ÖÔ❰à ❒❮✃
✃á❒❐Ï➱✃❐Ð×ÖÔ ❒❐Ï×❒ ÏÙÙ✃Ï❐Ð ❒Ö Ý✃ ❒❐Û❰à Ù❐✃Ñ×Ò❒ÏÝ❰✃ Ü❐ÖØ Ù❮ÖÔ✃Ú
ÝÏÐ✃Ñ ÑÏ❒ÏÞ ❚❮×Ð ×Ð ×Ô âÖÖÑ Ïâ❐✃✃Ø✃Ô❒ Õ×❒❮ ÒÖØØÖÔ Ð✃ÔÐ✃Ó ÏÐ
Ù❮ÖÔ✃Ð Ýà ❒❮✃×❐ ÔÏ❒Û❐✃ Ï❐✃ Ñ✃➱×Ò✃Ð ÜÖ❐ ×Ô❒✃❐Ú❮ÛØÏÔ ÒÖØØÛÔ×ÒÏÚ
❒×ÖÔÞ äÛ❐❒❮✃❐Ó ÐÖØ✃ ÖÜ ❒❮✃ Ü✃Ï❒Û❐✃Ð ÛÐ✃Ñ ×Ô ❒❮✃ Ò❰ÏÐÐ×✣✃❐ Ï❐✃
✃áÙ✃Ò❒✃Ñ ❒Ö Ý✃ ❐✃❰Ï❒✃Ñ ❒Ö ✃á❒❐Ï➱✃❐Ð×ÖÔ ÐÛÒ❮ ÏÐ ❒❮✃ ÛÐ✃❐Ð❬ ÔÛØÝ✃❐
ÖÜ äÏÒ✃ÝÖÖß Ü❐×✃ÔÑÐ ÏÔÑ ❒❮✃ ÔÛØÝ✃❐ ÖÜ Ô✃Õ ÒÖÔ❒ÏÒ❒Ð ØÏÑ✃ ÑÛ❐×Ôâ
❒❮✃ ✣❐Ð❒ ØÖÔ❒❮Ð ÖÜ ❒❮✃ Ð❒ÛÑàÞ

øÏÐ✃Ñ ÖÔ ❒❮✃ ø×â ä×➱✃ ■Ô➱✃Ô❒Ö❐àÓ ❒❮✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð Ï❐✃ ÒÖØÚ
ÙÛ❒✃Ñ Ýà ❐✃ÑÛÒ×Ôâ ❒❮✃ ÿÿ ÏÔÐÕ✃❐Ð ❒Ö ✣➱✃ ÐÒÖ❐✃ÐÞ îÔà Ñ×Ø✃ÔÐ×ÖÔÏ❰Ú
×❒à ❐✃ÑÛÒ❒×ÖÔ ÖÜ ❒❮×Ð ß×ÔÑ Õ×❰❰ ×Ô✃➱×❒ÏÝ❰à ❰ÖÐ✃ ×ÔÜÖ❐ØÏ❒×ÖÔ Ï➱Ï×❰ÏÝ❰✃
Ü❐ÖØ ❒❮✃ ÜÛ❰❰ Ð✃❒ ÖÜ ÏÔÐÕ✃❐ÐÞ ò✃ ❮Ï➱✃ ❒❮✃❐✃ÜÖ❐✃ Ù✃❐ÜÖ❐Ø✃Ñ Ï Ð✃❐×✃Ð
ÖÜ Ï❰❒✃❐ÔÏ❒×➱✃ ❐✃ÑÛÒ❒×ÖÔ Ø✃❒❮ÖÑÐ ÖÔ ❒❮✃ ÿÿ ×❒✃ØÐ ❒Ö Ð✃✃ ×Ü Õ✃ ÒÖÛ❰Ñ
×ØÙ❐Ö➱✃ ÖÛ❐ Ù❐✃Ñ×Ò❒×ÖÔÐ ÖÜ ❒❮✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð æÐ✃✃ ❒❮✃ ÏÙÙ✃ÔÚ
Ñ×Ò✃ÐêÞ øÖ❒❮ ÐÛÙ✃❐➱×Ð✃Ñ ÏÔÑ ÛÔÐÛÙ✃❐➱×Ð✃Ñ Ñ×Ø✃ÔÐ×ÖÔÏ❰×❒à ❐✃ÑÛÒÚ
❒×ÖÔÐ ❮Ï➱✃ Ý✃✃Ô ÛÐ✃ÑÞ îØÖÔâ ❒❮✃ ÛÔÐÛÙ✃❐➱×Ð✃Ñ Ø✃❒❮ÖÑÐÓ Õ✃
❮Ï➱✃ ❒❐×✃Ñ Ù❐×ÔÒ×ÙÏ❰ ÒÖØÙÖÔ✃Ô❒ ÏÔÏ❰àÐ×ÐÓ ×ÔÑ✃Ù✃ÔÑ✃Ô❒ ÒÖØÙÖÔ✃Ô❒
ÏÔÏ❰àÐ×Ð ÏÔÑ ÜÏÒ❒Ö❐ ÏÔÏ❰àÐ×ÐÞ ò✃ ❮Ï➱✃ ÏÙÙ❰×✃Ñ ❒❮✃ Ø✃❒❮ÖÑÐ Ñ×❐✃Ò❒❰à
❒Ö ❒❮✃ ÏÔÐÕ✃❐Ð ❒Ö ❒❮✃ ÿÿ ×❒✃ØÐ ×Ô Ö❐Ñ✃❐ ❒Ö ✃á❒❐ÏÒ❒ ✣➱✃ Ñ×Ø✃ÔÐ×ÖÔÏ❰
ÖÝí✃Ò❒Ð ß✃✃Ù×Ôâ ❒❮✃ ØÖÐ❒ ❐✃❰✃➱ÏÔ❒ ×ÔÜÖ❐ØÏ❒×ÖÔ ÏÝÖÛ❒ ❒❮✃ Ö❐×â×ÔÏ❰
ÿÿ ×❒✃ØÐÞ ■Ô ❒❮✃ ÛÔÐÛÙ✃❐➱×Ð✃Ñ ❐✃ÑÛÒ❒×ÖÔ ÔÖ ×ÔÜÖ❐ØÏ❒×ÖÔ ÏÝÖÛ❒
❒❮✃ Ü✃Ï❒Û❐✃Ð ×Ð ÛÐ✃ÑÞ äÖ❐ ❒❮✃ ÐÛÙ✃❐➱×Ð✃Ñ ❐✃ÑÛÒ❒×ÖÔ Ø✃❒❮ÖÑÓ Õ✃ ❒❐à
❐✃ÑÛÒ✃ ❒❮✃ ❒Ï❐â✃❒ ➱Ï❐×ÏÝ❰✃Ð æ❒❮✃ ❰×Ð❒ ÖÜ ×❒✃ØÐê Ýà ✣ÔÑ×Ôâ ❒❮ÖÐ✃
×❒✃ØÐ ❒❮Ï❒ ÒÏÔ Ý✃ Ý✃Ð❒ Ù❐✃Ñ×Ò❒✃Ñ Ü❐ÖØ ❒❮✃ Ù❐✃Ñ×Ò❒Ö❐ ➱Ï❐×ÏÝ❰✃Ð
æ❒❮✃ Ü✃Ï❒Û❐✃ÐêÞ ò❮×❰✃ ÝÖ❒❮ ❒❮✃ ÐÛÙ✃❐➱×Ð✃Ñ ÏÔÑ ÛÔÐÛÙ✃❐➱×Ð✃Ñ Ø✃❒❮Ú
ÖÑÐ ×ØÙ❐Ö➱✃ Ð×âÔ×✣ÒÏÔ❒❰à ❒❮✃ ãÛÏ❰×❒à ÖÜ ÖÛ❐ Ù❐✃Ñ×Ò❒×ÖÔÐÓ ❒❮✃ Ö➱✃❐Ï❰❰
Ù×Ò❒Û❐✃ ×Ð ❒❮✃ ÐÏØ✃ ❒❮Ï❒ Ù❐✃ÑÖØ×ÔÏÔ❒❰à ×❒✃ØÐ ❐✃❰Ï❒✃Ñ ❒Ö ✃á❒❐Ï➱✃❐Ú
Ð×ÖÔ ÒÏÔ Ý✃ Ù❐✃Ñ×Ò❒✃Ñ Õ×❒❮ ÐÖØ✃ Ò✃❐❒Ï×Ô❒àÞ

✹➽ ❉➬✆➷➴✆✆➬➹➚

❯Ð×Ôâ ÑÏ❒Ï Ü❐ÖØ ❒❮✃ åÖÙ✃Ô❮Ïâ✃Ô õ✃❒ÕÖ❐ß þ❒ÛÑàÓ Õ❮×Ò❮Ó ❒Ö ÖÛ❐
ßÔÖÕ❰✃Ñâ✃ ×Ð ❒❮✃ ❰Ï❐â✃Ð❒ ÑÏ❒ÏÐ✃❒ Ð×ØÛ❰❒ÏÔ✃ÖÛÐ❰à ÒÖÔ❒Ï×Ô×Ôâ ×ÔÜÖ❐Ú
ØÏ❒×ÖÔ ÏÝÖÛ❒ ❒❮✃ ø×â ä×➱✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð ÏÔÑ ✃á❒✃ÔÐ×➱✃ ×ÔÜÖ❐ØÏÚ
❒×ÖÔ ÏÝÖÛ❒ ÐØÏ❐❒Ù❮ÖÔ✃ ÛÐÏâ✃ ÙÏ❒❒✃❐ÔÐÓ Õ✃ ❮Ï➱✃ Ð❮ÖÕÔ ❒❮Ï❒ ❒❮✃
✃á❒❐Ï➱✃❐Ð×ÖÔ ❒❐Ï×❒ ÒÏÔ Ý✃ Ù❐✃Ñ×Ò❒✃Ñ Ð×âÔ×✣ÒÏÔ❒❰à Ý✃❒❒✃❐ ❒❮ÏÔ Ï ÔÛ❰❰
ØÖÑ✃❰ ÝÏÐ✃Ñ ÖÔ ❐ÏÔÑÖØ Ò❰ÏÐÐ×✣ÒÏ❒×ÖÔÞ ■Ô ÒÖÔ❒❐ÏÐ❒Ó ❒❮✃ Ö❒❮✃❐ Ù✃❐Ú
ÐÖÔÏ❰×❒à ❒❐Ï×❒Ð Ï❐✃ ÙÖÖ❐❰à Ù❐✃Ñ×Ò❒✃Ñ Ýà ÖÛ❐ ÑÏ❒ÏÞ ➮Û❐ ✣ÔÑ×ÔâÐ ÒÖÔÚ
❒❐ÏÐ❒ Ù❐✃➱×ÖÛÐ Ð❒ÛÑ×✃ÐÓ Õ❮×Ò❮ ❐✃ÙÖ❐❒ Ð×âÔ×✣ÒÏÔ❒ Ù❐✃Ñ×Ò❒ÏÝ×❰×❒×✃Ð

ÏÒ❐ÖÐÐ Ï❰❰ ❒❐Ï×❒ÐÞ ù×➱✃Ô ❒❮Ï❒ Õ✃ ❮Ï➱✃ ÒÏ❐❐×✃Ñ ÖÛ❒ ❒❮✃ ÏÔÏ❰àÐ×Ð ÖÔ
ÑÏ❒ÏÐ✃❒Ð ÖÜ ❒ÕÖ Ð×ì✃Ð ÛÐ×Ôâ ❒ÕÖ Ü✃Ï❒Û❐✃ Ð✃❰✃Ò❒×ÖÔ Ù❐ÖÒ✃ÑÛ❐✃ÐÓ ÏÔÑ
Ð×ÔÒ✃ Õ✃ ÖÝ❒Ï×Ô✃Ñ ❮×â❮ Ù❐✃Ñ×Ò❒ÏÝ×❰×❒×✃Ð ÖÔ❰à Õ❮✃Ô æÏê ÛÐ×Ôâ ÜÛ❰❰Ú
ÑÏ❒ÏÐ✃❒ ÒÖ❐❐✃❰Ï❒×ÖÔÐ ÜÖ❐ ➱Ï❐×ÏÝ❰✃ Ð✃❰✃Ò❒×ÖÔ ÏÔÑ æÝê ÏÔÏ❰àì×Ôâ Ï ÐØÏ❰❰
ÑÏ❒ÏÐ✃❒Ó ❒❮✃ ÒÖØÝ×ÔÏ❒×ÖÔ ÖÜ ❒❮✃ ❒ÕÖ ÏÙÙ✃Ï❐Ð Ï ❰×ß✃❰à ✃áÙ❰ÏÔÏ❒×ÖÔ
ÜÖ❐ ❒❮✃ ❐✃ÐÛ❰❒Ð Ù❐✃➱×ÖÛÐ❰à ❐✃ÙÖ❐❒✃Ñ ×Ô ❒❮✃ ❰×❒✃❐Ï❒Û❐✃Þ ü✃âÏ❐Ñ×Ôâ
❒❮✃ â✃Ô✃❐Ï❰×ìÏÝ×❰×❒à ÖÜ ÖÛ❐ ✣ÔÑ×ÔâÐÓ Õ✃ ÔÖ❒✃ ❒❮Ï❒ Ï❰❰ ÙÏ❐❒×Ò×ÙÏÔ❒Ð
×Ô ❒❮✃ Ð❒ÛÑà Õ✃❐✃ Ð❒ÛÑ✃Ô❒Ð Ï❒ ❒❮✃ ❚✃Ò❮Ô×ÒÏ❰ ❯Ô×➱✃❐Ð×❒à ÖÜ ❉✃ÔØÏ❐ßÓ
ÏÔÑ ❒❮Ï❒ ✣ÔÑ×ÔâÐ Ï❐✃ ÔÖ❒ Ô✃Ò✃ÐÐÏ❐×❰à â✃Ô✃❐Ï❰×ìÏÝ❰✃ ❒Ö ❒❮✃ ÙÖÙÛ❰ÏÚ
❒×ÖÔ ×Ô â✃Ô✃❐Ï❰Þ
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❉Ï❒Ï Ï❐✃ ÙÏ❐❒ ÖÜ ❰Ï❐â✃❐ Ð❒ÛÑà ➅➅þÖÒ×Ï❰ äÏÝ❐×Ò❋ ×Ô➱Ö❰➱×Ôâ ❐✃Ð✃Ï❐Ò❮Ú
✃❐Ð Ï❒ ❒❮✃ ❚✃Ò❮Ô×ÒÏ❰ ❯Ô×➱✃❐Ð×❒à ÖÜ ❉✃ÔØÏ❐ß ÏÔÑ ❯Ô×➱✃❐Ð×❒à ÖÜ
åÖÙ✃Ô❮Ïâ✃ÔÞ ❉Û✃ ❒Ö Ù❐×➱ÏÒà ÒÖÔÐ×Ñ✃❐Ï❒×ÖÔ ❐✃âÏ❐Ñ×Ôâ ÐÛÝí✃Ò❒Ð ×Ô
ÖÛ❐ ÑÏ❒ÏÐ✃❒Ó ×ÔÒ❰ÛÑ×Ôâ ✁Û❐ÖÙ✃ÏÔ ❯Ô×ÖÔ ❐✃âÛ❰Ï❒×ÖÔÐ ÏÔÑ❉ÏÔ×Ð❮❉Ï❒Ï
ú❐Ö❒✃Ò❒×ÖÔ îâ✃ÔÒà ❐Û❰✃ÐÓ Õ✃ ÒÏÔÔÖ❒ ØÏß✃ Ï❰❰ ÑÏ❒Ï ÛÐ✃Ñ ❮✃❐✃ ÙÛÝÚ
❰×Ò❰à Ï➱Ï×❰ÏÝ❰✃Þ ❚❮✃ ÑÏ❒Ï ÒÖÔ❒Ï×ÔÐ Ñ✃❒Ï×❰✃Ñ ×ÔÜÖ❐ØÏ❒×ÖÔ ÖÔ ØÖÝ×❰×❒à
ÏÔÑ ÑÏ×❰à ❮ÏÝ×❒Ð Ï❒ Ï ❮×â❮ ÐÙÏ❒×ÖÚ❒✃ØÙÖ❐Ï❰ ❐✃ÐÖ❰Û❒×ÖÔÞ ò✃ ÛÔÑ✃❐Ú
Ð❒ÏÔÑ ÏÔÑ ÏÙÙ❐✃Ò×Ï❒✃ ❒❮✃ Ô✃✃Ñ ÜÖ❐ ❒❐ÏÔÐÙÏ❐✃ÔÒà ×Ô ❐✃Ð✃Ï❐Ò❮ ÏÔÑ
Ï❐✃ ❐✃ÏÑà ❒Ö ØÏß✃ ❒❮✃ ÑÏ❒Ï Ï➱Ï×❰ÏÝ❰✃ ❒Ö ❐✃Ð✃Ï❐Ò❮✃❐Ð Õ❮Ö Ø✃✃❒
❒❮✃ Ò❐×❒✃❐×Ï ÜÖ❐ ÏÒÒ✃ÐÐ ❒Ö ÒÖÔ✣Ñ✃Ô❒×Ï❰ ÑÏ❒ÏÓ Ð×âÔ Ï ÒÖÔ✣Ñ✃Ô❒×Ï❰×❒à
Ïâ❐✃✃Ø✃Ô❒Ó ÏÔÑ Ïâ❐✃✃ ❒Ö ÕÖ❐ß ÛÔÑ✃❐ ÖÛ❐ ÐÛÙ✃❐➱×Ð×ÖÔ ×Ô åÖÙ✃ÔÚ
❮Ïâ✃ÔÞ ❚❮✃ ➅➅þÖÒ×Ï❰ äÏÝ❐×Ò❋ Ð❒ÛÑà ÕÏÐ ❐✃➱×✃Õ✃Ñ ÏÔÑ ÏÙÙ❐Ö➱✃Ñ Ýà
❒❮✃ ÏÙÙ❐ÖÙ❐×Ï❒✃ ❉ÏÔ×Ð❮ ÏÛ❒❮Ö❐×❒àÓ ❒❮✃ ❉ÏÔ×Ð❮ ❉Ï❒Ï ú❐Ö❒✃Ò❒×ÖÔ
îâ✃ÔÒà æü✃Ü✃❐✃ÔÒ✃ ÔÛØÝ✃❐♥ çèéçÚÿéÚè✭✭ÿêÞ ❚❮✃ ❉Ï❒Ï ú❐Ö❒✃Ò❒×ÖÔ
îâ✃ÔÒà âÛÏ❐ÏÔ❒✃✃Ð ❒❮Ï❒ ❒❮✃ Ù❐Öí✃Ò❒ ÏÝ×Ñ✃Ð Ýà ❉ÏÔ×Ð❮ ❰ÏÕ ÏÔÑ Ï❰ÐÖ
ÒÖÔÐ×Ñ✃❐Ð ÙÖ❒✃Ô❒×Ï❰ ✃❒❮×ÒÏ❰ ×ØÙ❰×ÒÏ❒×ÖÔÐÞ î❰❰ ÐÛÝí✃Ò❒Ð ×Ô ❒❮✃ Ð❒ÛÑà
âÏ➱✃ Õ❐×❒❒✃Ô ×ÔÜÖ❐Ø✃Ñ ÒÖÔÐ✃Ô❒Þ

✻➽ ❈➹♠✄✄➪➬➚❣ ➬➚➪✄➶✄✆➪✆

❚❮✃ ÏÛ❒❮Ö❐Ð Ñ✃Ò❰Ï❐✃ ❒❮Ï❒ ❒❮✃à ❮Ï➱✃ ÔÖ ÒÖØÙ✃❒×Ôâ ×Ô❒✃❐✃Ð❒ÐÞ

❆✄✄✄➚➘➬☎ ❆➽ ❉✄✆➷➶➬✄➪➬�✄ ✆➪✁➪➬✆➪➬➷✆ ➹♦ ♦✄✁➪➴➶✄✆ ✁➚➘ ➪✁➶❣✄➪ �✁�➴✄✆
♦➹➶ ➪☎✄ ❈✆✝ ➘✁➪✁✆✄➪

❚❮×Ð Ð✃Ò❒×ÖÔ ÒÖÔ❒Ï×ÔÐ Ñ✃ÐÒ❐×Ù❒×➱✃ Ð❒Ï❒×Ð❒×ÒÐ ÜÖ❐ ❒❮✃ ÏÙÙ❰×✃Ñ Ü✃ÏÚ
❒Û❐✃Ð ÏÔÑ ❒❮✃ Ù✃❐ÐÖÔÏ❰×❒à ❒❐Ï×❒ÐÞ ❚ÏÝ❰✃ îÞ✺ ÒÖÔ❒Ï×ÔÐ ß✃à Ñ✃ÐÒ❐×Ù❒×➱✃

❚✗✘✙✚ ✞✟✠

❉➈➔➐➎➄➋➉➄➂➈ ➔➉➃➉➄➔➉➄➐➔ ↕➑➎ ➉➊➈ ↕➈➃➉↔➎➈➔ ↔➔➈➣ ↕➑➎ ➐➅➃➔➔➄✛➐➃➉➄➑➓→ ✜➊➄➔ ➉➃➇➅➈ ➔↔➒➒➃➎➄✈➈➔ ❦➈➏ ➔➉➃➉➄➔➉➄➐➃➅ ✛✢↔➎➈➔ ✭➒➈➃➓✥ ➔➉➃➓➣➃➎➣ ➣➈➂➄➃➉➄➑➓✥ ➃➓➣ ➒➄➓➍➒➃❡ ➂➃➅↔➈➔✤ ↕➑➎ ➉➊➈ ↕➈➃➉↔➎➈➔ ↔➔➈➣→

➁➓➣ ➄➓➣➈❡ ➄➔ ➃➅➔➑ ✢➄➂➈➓ ➉➑ ↔➓➄✉↔➈➅➏ ➣➈➓➑➉➈ ➈➃➐➊ ↕➈➃➉↔➎➈→ ✜➊➈ ➄➓➣➄➐➈➔ ➎➈↕➈➎ ➉➑ ↕↔➎➉➊➈➎ ✢➎➃➋➊➄➐➃➅ ➄➓↕➑➎➒➃➉➄➑➓ ➑➓ ➉➊➈ ↕➈➃➉↔➎➈➔ ➄➓ ❋➄✢→ ➁→✡→❲➈ ↔➔➈ ➉➊➈ ➃➇➇➎➈➂➄➃➉➄➑➓➔ ☛☞✌ ↕➑➎ ➄➓➉➈➎✍➈➂➈➓➉

➉➄➒➈✥ ➃➓➣ ❝☛✎ ↕➑➎ ➐➑➓➉➃➐➉✍➄➓➉➈➎➃➐➉➄➑➓ ➎➃➉➄➑→

☞③❨◗✏ ❶◗✇❫⑤❞◗ ❨◗❦❱❞❲❪❫❲②③ ❧ ✏ ❴❲③ ❴✇✏
✐ ⑩①⑤◗❫②②❫❷ ❨✇❲①⑥ ◗③❫❞②❪⑥ r✞✐❩ ❣✞✬❩ ❩✞✐✵ r✞✠✈
❩ ❈✇①① ❨⑤❞✇❫❲②③ ❴◗❨❲✇③ ✌❦✮ ✠✐✞❩✠ ❩✠✞✐✐ ❩✞✠❣ ✬✠✬✞❣❣
✬ ❈✇①① ❨⑤❞✇❫❲②③ ❦❫❨ ✌❦✮ ❩✈r✞✬r ✐❥✈✞❥❩ ✬✞✠❬ ✐✞❥◗✬

r ❈✇①① ❲◗❫ ❦❫❨ ✌❦✮ r✬◗✬ ✐✠◗✬ ❩✞r◗✬ ✈❣◗✬

✠ ❈✇①① ❪◗❞❱◗③❫ ❲③❲❫❲✇❫◗❨ ❣✞r✠ ❣✞❣❬ ❣✞❣✠ ❣✞✠❥
❬ ❈✇①①✝❫◗✏❫ ❱❲❞ ❣✞❣✬ ❣✞❣❩ ❩✞✬◗❸✬ ❣✞✬✐
❥ ❈✇①①✝❫◗✏❫ ❲◗❫ ❴◗❨❲✇③ ✌❦✮ ✠✐❩✞❬❣ ✈✠✐✞✐❩ ❩❩✞❣❣ ✐✐◗✬

✈ ❈✇①①✝❫◗✏❫ ❲◗❫ ❦❫❨ ✌❦✮ ✐✵◗✬ ✐✐◗✬ r◗✬ ❥❬◗✬

✵ ☞③❱②❴❲③⑨ ✇❱❫❲❳❲❫⑥ ✉❘ ✑✶✒ ✴❩◗❸✬ ❣✞❣✈ ✴✐✞✠✵ ❣✞✬❬
✐❣ ☞③❱②❴❲③⑨ ✇❱❫❲❳❲❫⑥ ✉❘ ✑✓ ❣✞✐❩ ❣✞❣❥ ✴❣✞✬r ❣✞❬r
✐✐ ❈②③❫✇❱❫❦✎ ✫❞❦❫ ✬ ❴②③❫❷❦ ✠✬✞❣❬ ❩r✞✵✬ ❥ ✐✵❬
✐❩ ◆⑤❴❵◗❞ ②❢ ❱✇①①✝❫◗✏❫ ◗❳◗③❫❦ ❬✞❩◗✬ ✠✞❬◗✬ ✬✠ r✐✵✵✈
✐✬ ◆⑤❴❵◗❞ ②❢ ❫◗✏❫❦ ✠◗✬ ✠✞✐◗✬ ❩❣ ✬✈✎❬❥✠
✐r ◆⑤❴❵◗❞ ②❢ ❢✇❱◗❵②②✕ ❢❞❲◗③❨❦ ✬✬❣✞✵✵ ✐✈❩✞✵❩ ✐ ✐❣❬✠
✐✠ ❖⑤❫⑨②❲③⑨ ✇❱❫❲❳❲❫⑥ ✉❘ ✑✷ ✴✈✞❬◗❸✬ ❣✞❣✠ ✴❣✞✬✈ ❣✞✬❬
✐❬ ❖⑤❫⑨②❲③⑨ ✇❱❫❲❳❲❫⑥ ✉❘ ✑✓ ❣✞✐✐ ❣✞❣❥ ✴❣✞❩❣ ❣✞✠r
✐❥ ☛◗✏❫ ❱❲❞ ❣✞❣❩ ❣✞❣❩ ✐✞❩◗❸✬ ❣✞❩❬
✐✈ ☛◗✏❫ ❲◗❫ ❴◗❨❲✇③ ✌❦✮ ❥❬❥✞✈✵ ✬✞✬◗✬ ✐✵✞❣❣ ✠r◗✬

✐✵ ☛◗✏❫ ❲◗❫ ❦❫❨ ✌❦✮ ❩r◗✬ ✐r◗✬ ✬✞❩◗✬ ✈✈◗✬

❩❣ ☛◗✏❫ ①✇❫◗③❱⑥ ✌❦✮ ✐❥❣✞❥✬ ✐❩✬✞❩✵ ❩❬✞❣❣ ✐✞✠◗✬

❩✐ ❶❞✇❱❫❲②③ ②❢ ②⑤❫⑨②❲③⑨ ❫◗✏❫❦ ❣✞r✠ ❣✞❣❬ ❣✞❣✠ ❣✞✠❥
❩❩ ☛◗✏❫ ❞◗❦❪②③❦◗ ❞✇❫◗ ❣✞✬r ❣✞❣✈ ❣ ❣✞r✈

❄➙ ✵✗✮✸✬★✴ ★✬ ✪✲➙ ➛ ➜♦✹✫✮✪✲ ♦✯ ➝★✸★✪✫✷✶ ✳✮ ➞★✫✸♦✮✪✲✳✬✼ ➟➠ ➡✾❀❅✿➢ ❅➤➥✾✾ ✐✵



✣âÛ❐✃Ð ÜÖ❐ ❒❮✃ Ü✃Ï❒Û❐✃Ð ÛÐ✃Ñ ×Ô ❒❮✃ Ù❐✃Ñ×Ò❒×ÖÔÐ ÏÐ ❰×Ð❒✃Ñ ×Ô ❚ÏÝ❰✃ éÞ
❚❮✃Ð✃ ×ÔÒ❰ÛÑ✃ ❒❮✃ Ø✃ÏÔ ➱Ï❰Û✃Ð ÏÔÑ Ð❒ÏÔÑÏ❐Ñ Ñ✃➱×Ï❒×ÖÔÐÓ ÏÐ Õ✃❰❰ ÏÐ
❒❮✃ Ø×Ô×ØÛØ ÏÔÑ ØÏá×ØÛØ ➱Ï❰Û✃Ð ÜÖ❐ ✃ÏÒ❮ Ü✃Ï❒Û❐✃ÐÞ ❚❮✃ ❒ÏÝ❰✃
Ï❰ÐÖ ÒÖÔ❒Ï×ÔÐ Ï Ý❐×✃Ü Ñ✃ÐÒ❐×Ù❒×ÖÔ ÖÜ ✃ÏÒ❮ Ü✃Ï❒Û❐✃Ó ÏÐ Õ✃❰❰ ÏÐ ÏÔ ×ÔÑ✃áÞ
❚❮✃Ð✃ ×ÔÑ×Ò✃Ð ÒÏÔ Ý✃ ÛÐ✃Ñ ❒Ö ❰ÖÒÏ❒✃ Ï ➱×ÐÛÏ❰×ìÏ❒×ÖÔ ÖÜ ❒❮✃ Ñ×Ð❒❐×ÝÛÚ
❒×ÖÔ ÖÜ ❒❮✃ Ü✃Ï❒Û❐✃Ó ÏÔÑ ×ÔÜÖ❐ØÏ❒×ÖÔ ÖÔ ×Ô❒✃❐ÚÜ✃Ï❒Û❐✃ ÒÖ❐❐✃❰Ï❒×ÖÔÐ ×Ô

ä×âÞ îÞéÞ ❚❮✃ Ñ×Ð❒❐×ÝÛ❒×ÖÔ Ù❰Ö❒Ð Õ✃❐✃ â✃Ô✃❐Ï❒✃Ñ Ýà ÛÐ×Ôâ Ï ùÏÛÐÐ×ÏÔ
ß✃❐Ô✃❰ Ñ✃ÔÐ×❒à ✃Ð❒×ØÏ❒×ÖÔ æë❉✁ê Ù❐ÖÒ✃ÑÛ❐✃ ❒Ö ÐØÖÖ❒❮✃Ô ❮×ÐÚ
❒Öâ❐ÏØÐ ÖÝ❒Ï×Ô✃Ñ Ü❐ÖØ ❒❮✃ ÖÝÐ✃❐➱✃Ñ Ü✃Ï❒Û❐✃ÐÞ

þ×Ø×❰Ï❐ Ñ✃❒Ï×❰Ð Ï❐✃ Ù❐Ö➱×Ñ✃Ñ ÜÖ❐ ❒❮✃ Ý×â ✣➱✃ ×Ô➱✃Ô❒Ö❐à ÐÒÖ❐✃Ð ×Ô
❚ÏÝ❰✃ îÞ✭Ó ÏÔÑ ❒❮✃ ÒÖ❐❐✃ÐÙÖÔÑ×Ôâ Ñ×Ð❒❐×ÝÛ❒×ÖÔÐ ÏÔÑ ÒÖ❐❐✃❰Ï❒×ÖÔÐ Ï❐✃
Ð❮ÖÕÔ ×Ô ä×âÞ îÞçÞ

❋�✁✂ ❆✂✄✂ ❱❲❦⑤✇①❲❦✇❫❲②③ ②❢ ❨❲❦❫❞❲❵⑤❫❲②③❦ ✇③❨ ❱②❞❞◗①✇❫❲②③❦ ②❢ ❫❷◗ ②❵❦◗❞❳◗❨ ❢◗✇❫⑤❞◗❦✞ ☛❷❲❦ ✫⑨⑤❞◗ ❲①①⑤❦❫❞✇❫◗❦ ❢⑤❞❫❷◗❞ ❨◗❫✇❲①❦ ②❢ ❫❷◗ ❨❲❦❫❞❲❵⑤❫❲②③❦ ②❢ ❫❷◗ ❢◗✇❫⑤❞◗❦ ①❲❦❫◗❨ ❲③ ☛✇❵①◗ ✐✞ ☛❷◗
❵①✇❱✕ ❪②❲③❫ ✇③❨ ❳◗❞❫❲❱✇① ①❲③◗ ❲③❨❲❱✇❫◗ ❫❷◗ ❴◗✇③ ❳✇①⑤◗ ②❢ ❫❷◗ ❢◗✇❫⑤❞◗✎ ✇③❨ ❫❷◗ ❨✇❞✕◗❞ ❦❷✇❨◗❨ ❞◗⑨❲②③ ❱②❞❞◗❦❪②③❨ ❫② ❳✇①⑤◗❦ ❫❷✇❫ ✇❞◗ ✇❲❫❷❲③ ②③◗ ❦❫✇③❨✇❞❨ ❨◗❳❲✇❫❲②③ ❢❞②❴ ❫❷◗
❴◗❨❲✇③✞ ☛❷◗ ❲③❨❲❱◗❦ ❲③ ❫❷◗ ⑤❪❪◗❞ ❱②❞③◗❞❦ ②❢ ❫❷◗ ❪①②❫❦ ✇❞◗ ❲③❨❲❱◗❦ ✇❲❫❷ ✇❷❲❱❷ ❫❷◗ ❢◗✇❫⑤❞◗ ③✇❴◗❦ ✇③❨ ❫❷◗ ◗✏✇❱❫ ❳✇①⑤◗❦ ②❢ ❞◗①◗❳✇③❫ ❦❫✇❫❲❦❫❲❱✇① ❪❞②❪◗❞❫❲◗❦ ❱✇③ ❵◗ ①②②✕◗❨ ⑤❪ ❲③
☛✇❵①◗ ✉✞✠✞ ☞③ ❫❷◗ ①②✇◗❞ ❞❲⑨❷❫ ❱②❞③◗❞❦ ❲❦ ✇ ❷◗✇❫❴✇❪ ②❢ ❫❷◗ ❪◗✇❞❦②③ ❱②❞❞◗①✇❫❲②③ ❱②◗❢✫❱❲◗③❫❦ ❢②❞ ◗✇❱❷ ❪✇❲❞ ②❢ ❢◗✇❫⑤❞◗❦✞

❚✗✘✙✚ ✞✟☎

❉➈➔➐➎➄➋➉➄➂➈ ➔➉➃➉➄➔➉➄➐➔ ↕➑➎ ➉➊➈ ➇➄✢ ✛➂➈ ➄➓➂➈➓➉➑➎➏ ➔➐➑➎➈➔ ↕➑➎ ➉➊➈ ➔➉↔➣➏ ➋➃➎➉➄➐➄➋➃➓➉➔→ ✜➊➈ ➉➃➇➈➅ ➔➊➑✩➔ ❦➈➏ ➔➉➃➉➄➔➉➄➐➃➅ ✛✢↔➎➈➔ ↕➑➎ ➉➊➈ ➑➇➔➈➎➂➈➣ ➔➐➑➎➈➔→ ✜➊➈ ➔➐➑➎➈ ➣➄➔➉➎➄➇↔➉➄➑➓➔ ➃➎➈ ➔➊➑✩➓

✢➎➃➋➊➄➐➃➅➅➏ ➄➓ ❋➄✢→ ➁→✆→

☛❞✇❲❫ ❧ ✏ ❴❲③ ❴✇✏ ❴◗❨
❖❪◗③③◗❦❦ ✬✞✠✠ ❣✞✠❩ ✐✞✵❣ r✞✵❣ ✬✞❬❣
❈②③❦❱❲◗③❫❲②⑤❦③◗❦❦ ✬✞r❬ ❣✞✠❬ ✐✞✠❬ r✞✈✵ ✬✞rr
❊✏❫❞✇❳◗❞❦❲②③ ✬✞✬❥ ❣✞❬✈ ✐✞✠❣ ✠✞❣❣ ✬✞✬✈
✉⑨❞◗◗✇❵①◗③◗❦❦ ✬✞❥❥ ❣✞rr ✐✞✈✵ ✠✞❣❣ ✬✞❥✈
◆◗⑤❞②❫❲❱❲❦❴ ❩✞r✠ ❣✞❬r ✐✞✐❩ r✞✬✈ ❩✞✬✈

❩❣ ❄➙ ✵✗✮✸✬★✴ ★✬ ✪✲➙ ➛ ➜♦✹✫✮✪✲ ♦✯ ➝★✸★✪✫✷✶ ✳✮ ➞★✫✸♦✮✪✲✳✬✼ ➟➠ ➡✾❀❅✿➢ ❅➤➥✾✾
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➹♦ q➴✄✆➪➬➹➚➚✁➬➶✄ ➶✄✆✄➹➚✆✄✆ ♦➶➹♠ ✄☎➹➚✄ ♠✄➪➶➬➷✆

ò✃ ×Ô➱✃Ð❒×âÏ❒✃ ❒❮✃ ❰ÖÐÐ ÖÜ Ù❐✃Ñ×Ò❒ÏÝ×❰×❒à ÏÐÐÖÒ×Ï❒✃Ñ Õ×❒❮ ❒❮✃
Ñ×Ø✃ÔÐ×ÖÔÏ❰×❒à ❐✃ÑÛÒ❒×ÖÔ ÛÐ✃Ñ ❒Ö ÒÖØÙÛ❒✃ ❒❮✃ ø×â ä×➱✃ ❒❐Ï×❒Ð Ü❐ÖØ
❒❮✃ Ö❐×â×ÔÏ❰ ÿÿ ãÛ✃Ð❒×ÖÔÐ ×Ô ❒❮✃ ãÛ✃Ð❒×ÖÔÔÏ×❐✃Ó Ýà ÒÖÔÐ×Ñ✃❐×Ôâ Ï❰❒✃❐Ú
ÔÏ❒×➱✃ Ñ×Ø✃ÔÐ×ÖÔÏ❰×❒à ❐✃ÑÛÒ❒×ÖÔ ❒✃Ò❮Ô×ãÛ✃ÐÞ þÙ✃Ò×✣ÒÏ❰❰àÓ Õ✃ ÛÐ✃
Ù❐×ÔÒ×ÙÏ❰ ÒÖØÙÖÔ✃Ô❒ ÏÔÏ❰àÐ×Ð æúåîêÓ ×ÔÑ✃Ù✃ÔÑ✃Ô❒ ÒÖØÙÖÔ✃Ô❒ ÏÔÏ❰Ú
àÐ×Ð æ■åîêÓ ÜÏÒ❒Ö❐ ÏÔÏ❰àÐ×Ð æäîêÓ ÏÔÑ ÐÛÙ✃❐➱×Ð✃Ñ Ñ×Ø✃ÔÐ×ÖÔÏ❰×❒à
❐✃ÑÛÒ❒×ÖÔ æþ❉üêÓ ß✃✃Ù×Ôâ ÖÔ❰à ❒❮✃ ✣➱✃ ❰✃ÏÑ×Ôâ ÒÖØÙÖÔ✃Ô❒Ð ÖÜ ✃ÏÒ❮
❒✃Ò❮Ô×ãÛ✃Þ ❚❮✃ ÐÛÙ✃❐➱×Ð✃Ñ Ñ×Ø✃ÔÐ×ÖÔ ❐✃ÑÛÒ❒×ÖÔ ❒✃Ò❮Ô×ãÛ✃ ÏÙÙ❰×✃Ñ
❮✃❐✃ ✣ÔÑÐ ❒❮✃ ÖÔ✃ Ñ×Ø✃ÔÐ×ÖÔÏ❰ Ù❐Öí✃Ò❒×ÖÔ ÖÜ ❒❮✃ ÑÏ❒Ï ❒❮Ï❒ ❮ÏÐ ❒❮✃
❰ÖÕ✃Ð❒ ❘

✷ ➱Ï❰Û✃Ó Õ❮✃Ô ❒❐Ï×Ô×Ôâ Ï ❰×Ô✃Ï❐ ØÖÑ✃❰Þ ❚❮✃ Ù❐ÖÒ✃ÑÛ❐✃ ×Ð
ÒÖÔ❒×ÔÛ✃Ñ Õ×❒❮ ❒❮✃ ÏÑÑ×❒×ÖÔÏ❰ ÒÖÔÐ❒❐Ï×Ô❒ ❒❮Ï❒ ❒❮✃ Ô✃Õ Ù❐Öí✃Ò❒×ÖÔÐ
Ð❮ÖÛ❰Ñ Ý✃ Ö❐❒❮ÖâÖÔÏ❰ ❒Ö Ï❰❰ Ù❐✃➱×ÖÛÐ Ù❐Öí✃Ò❒×ÖÔÐÓ ÐÛÒ❮ ❒❮Ï❒ ❒❮✃

❐✃ÐÛ❰❒ ×Ð Ï ❰ÖÕ Ñ×Ø✃ÔÐ×ÖÔÏ❰ ÐÙÏÒ✃ ÐÙ✃Ò×✣✃Ñ Ýà ÏÔ Ö❐❒❮ÖâÖÔÏ❰ ÝÏÐ×ÐÞ
❚❮✃ ÒÖÔÐ❒❐Ï×Ô✃Ñ ÖÙ❒×Ø×ìÏ❒×ÖÔ ×Ð Ù✃❐ÜÖ❐Ø✃Ñ ÔÛØ✃❐×ÒÏ❰❰à ÖÔ ❒❮✃
❒❐Ï×Ô×Ôâ Ð✃❒ ÏÔÑ ❒❮✃Ô ÏÙÙ❰×✃Ñ ❒Ö ❒❮✃ ❒✃Ð❒ Ð✃❒ ×Ô Ö❐Ñ✃❐ ❒Ö Ï➱Ö×Ñ Ö➱✃❐Ú
✣❒❒×ÔâÞ þ✃✃ þ✃Ò❒×ÖÔ å ÜÖ❐ Ñ✃❒Ï×❰Ð ÖÔ þ❉üÞ

ä×âÞ øÞý Ð❮ÖÕÐ ❒❮✃ Ù✃❐ÜÖ❐ØÏÔÒ✃ ÖÜ ÖÛ❐ Ò❰ÏÐÐ×✣✃❐ ×Ô Ù❐✃Ñ×Ò❒×Ôâ
Ñ×ÜÜ✃❐✃Ô❒ Ñ×Ø✃ÔÐ×ÖÔÏ❰×❒à ❐✃ÑÛÒ❒×ÖÔÐ ÖÜ ❒❮✃ ÿÿ ãÛ✃Ð❒×ÖÔÐ ×Ô ❒❮✃ ø×â
ä×➱✃ ■Ô➱✃Ô❒Ö❐àÞ îÐ ❒❮✃ ✣âÛ❐✃ Ð❮ÖÕÐÓ Ö❒❮✃❐ Ñ×Ø✃ÔÐ×ÖÔÏ❰×❒à ❐✃ÑÛÒ❒×ÖÔ
❒✃Ò❮Ô×ãÛ✃Ð ❐✃ÐÛ❰❒ ×Ô â❐✃Ï❒✃❐ Ù✃❐ÐÖÔÏ❰×❒à Ù❐✃Ñ×Ò❒ÏÝ×❰×❒àÓ ×ÔÑ×ÒÏ❒×Ôâ
❒❮Ï❒ ÐÖØ✃ ×ÔÜÖ❐ØÏ❒×ÖÔ ❐✃❰Ï❒✃Ñ ❒Ö ❮ÖÕ Ù✃ÖÙ❰✃ ÛÐ✃ ❒❮✃×❐ Ù❮ÖÔ✃Ð ×Ð
ÒÖÔ❒Ï×Ô✃Ñ ×Ô ❒❮✃×❐ ❐✃ÐÙÖÔÐ✃Ð ❒Ö ❒❮✃ ø×â ä×➱✃ ãÛ✃Ð❒×ÖÔÔÏ×❐✃Ó ÝÛ❒ ×Ð
❰ÖÐ❒ Õ❮✃Ô ❒❮✃ ø×â ä×➱✃ ❒❐Ï×❒Ð Ï❐✃ ÒÖØÙÛ❒✃Ñ Ü❐ÖØ ÐÏ×Ñ ❐✃ÐÙÖÔÐ✃ÐÞ

❚Ö ×Ô➱✃Ð❒×âÏ❒✃ ❒❮×Ð ÜÛ❐❒❮✃❐Ó Õ✃ ✃áÏØ×Ô✃Ñ ❒❮✃ ÒÖØÙÖÔ✃Ô❒Ð ÖÜ ❒❮✃
Ù❐Öí✃Ò❒×ÖÔ ➱✃Ò❒Ö❐Ð ÛÐ✃Ñ ×Ô ✃ÏÒ❮ Ñ×Ø✃ÔÐ×ÖÔÏ❰×❒à ❐✃ÑÛÒ❒×ÖÔ ❒✃Ò❮Ú
Ô×ãÛ✃Þ ■Ô Ï❰❰ ÒÏÐ✃ÐÓ ❒❮✃ Ù❐Öí✃Ò❒×ÖÔ ❐✃❒Ï×Ô×Ôâ ❒❮✃ â❐✃Ï❒✃Ð❒ Ù❐✃Ñ×Ò❒ÏÝ×❰Ú
×❒à ÕÏÐ Ð❒❐ÖÔâ❰à ÏÐÐÖÒ×Ï❒✃Ñ Õ×❒❮ ✃á❒❐Ï➱✃❐Ð×ÖÔ ÏÔÑ ×Ô ØÏÔà ÒÏÐ✃Ð
Ï❰ÐÖ Õ×❒❮ Ô✃Û❐Ö❒×Ò×ÐØÞ äÖ❐ ✃áÏØÙ❰✃Ó ä×âÞ øÞÿ Ð❮ÖÕÐ ❒❮✃ ✃Ô❒❐×✃Ð ÖÜ
❒❮✃ ■åî ➱✃Ò❒Ö❐ Õ❮ÖÐ✃ Ù❐Öí✃Ò❒×ÖÔ ❮ÏÑ ❒❮✃ â❐✃Ï❒✃Ð❒ Ù❐✃Ñ×Ò❒ÏÝ×❰×❒àÞ
õÖ❒✃ ❒❮Ï❒ ❒❮✃ ØÖÐ❒ Ù❐✃Ñ×Ò❒ÏÝ❰✃ Ñ×❐✃Ò❒×ÖÔ ÖÜ Ù❐Öí✃Ò❒×ÖÔ ÙÖ×Ô❒Ð ×Ô Ï
Ñ×❐✃Ò❒×ÖÔ ÒÖ❐❐✃ÐÙÖÔÑ×Ôâ ÖÙÙÖÐ×❒✃ ÐÒÖ❐✃Ð ÖÜ ✃á❒❐Ï➱✃❐Ð×ÖÔ ÏÔÑ Ô✃ÛÚ
❐Ö❒×Ò×ÐØÓ ÒÖÔÐ×Ð❒✃Ô❒ Õ×❒❮ ❒❮✃ ÏÔ❒×ÒÖ❐❐✃❰Ï❒×ÖÔ Ý✃❒Õ✃✃Ô ❒❮✃ ❒ÕÖ
❒❐Ï×❒Ð ÜÖÛÔÑ ×Ô ❒❮✃ ❰×❒✃❐Ï❒Û❐✃ ❽ÏØÝÛ❐â✃❐ ÏÔÑ ø✃ÔÚî❐❒ì× æçèèèêÞ
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◗✏❫❞✇❳◗❞❦❲②③✎ ✇⑨❞◗◗✇❵①◗③◗❦❦✎ ✇③❨ ③◗⑤❞②❫❲❱❲❦❴✎ ❞◗❦❪◗❱❫❲❳◗①⑥✞
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❪①②❫ ❦❷②✇❦ ❫❷◗ ❨❲❦❫❞❲❵⑤❫❲②③ ②❢ ❞◗①✇❫❲❳◗ ❲❴❪❞②❳◗❴◗③❫❦ ❢②❞ ✐❣✹ ❱❞②❦❦ ❳✇①❲❨✇❫❲②③ ❞⑤③❦
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❫❲②③ ❫◗❱❷③❲t⑤◗❦ ❲③❱①⑤❨◗ ❪❞❲③❱❲❪✇① ❱②❴❪②③◗③❫ ✇③✇①⑥❦❲❦ ✌⑧❈✉✎ ❣✿❩❩✳ ❣✿❣❩✮✎ ❲③❨◗❪◗③❸
❨◗③❫ ❱②❴❪②③◗③❫ ✇③✇①⑥❦❲❦ ✌☞❈✉✎ ❣✿❩✬ ✳ ❣✿❣✐✮ ✇③❨ ❢✇❱❫②❞ ✇③✇①⑥❦❲❦ ✌❶✉✎ ❣✿❩❩✳ ❣✿❣✐✮✞
☛❷◗ ❦⑤❪◗❞❳❲❦◗❨ ❨❲❴◗③❦❲②③✇①❲❫⑥ ❞◗❨⑤❱❫❲②③ ✌❭s❘✮ ❫◗❱❷③❲t⑤◗ ❞◗✇❱❷◗❨ ✇③ ❲❴❪❞②❳◗❴◗③❫
②❢ ❣✿✬✬ ✳ ❣✿❣r✞
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ò✃ ØÏà ❒❮✃Ô ❰ÖÖß ÜÖ❐ ❒❮✃ Ý✃Ð❒ Ù❐Öí✃Ò❒×ÖÔ ×Ô ❒❮✃ ÿý Ñ×Ø✃ÔÐ×ÖÔÏ❰
ÐÙÏÒ✃ Ö❐❒❮ÖâÖÔÏ❰ ❒Ö ÖÛ❐ ✣❐Ð❒ Ù❐Öí✃Ò❒×ÖÔÞ ❚❮×Ð ÒÏÔ ✃×❒❮✃❐ Ý✃ ÑÖÔ✃ Ýà
ØÏÙÙ×Ôâ ÖÔ ❒Ö ❒❮✃Ð✃ ÿý Ñ×Ø✃ÔÐ×ÖÔÐ Ö❐ Ð×ØÙ❰à ÏÑÑ×Ôâ ÏÔ Ö❐❒❮ÖâÖÚ
ÔÏ❰×❒à ÒÖÔÐ❒❐Ï×Ô❒ ❒Ö ❒❮✃ ÖÙ❒×Ø×ìÏ❒×ÖÔÞ ❚❮×Ð Ù❐ÖÒ✃ÑÛ❐✃ ØÏà Ý✃
❐✃Ù✃Ï❒✃Ñ ÛÔ❒×❰ Ï ÐÏ❒×ÐÜà×Ôâ ÔÛØÝ✃❐ ÖÜ Ù❐Öí✃Ò❒×ÖÔÐ ×Ð ÖÝ❒Ï×Ô✃ÑÞ

ò✃ ❮Ï➱✃ Ï ✣ÔÏ❰ ÔÖ❒✃ ❐✃âÏ❐Ñ×Ôâ Ö➱✃❐ ❒❐Ï×Ô×ÔâÞ ï✃❒ ÛÐ Ð❒Ï❐❒ Ýà
ÒÖÛÔ❒×Ôâ ❒❮✃ ÔÛØÝ✃❐ ÖÜ Ü❐✃✃ ÙÏ❐ÏØ✃❒✃❐Ð ×Ô ❒❮✃ ❒❐Ï×Ô×Ôâ Ð❒✃ÙÞ ■Ü
❒❮✃ Ñ×Ø✃ÔÐ×ÖÔ ÖÜ ✟ ×Ð ◆ ÏÔÑ ❒❮✃ Ñ×Ø✃ÔÐ×ÖÔ ÖÜ ✥ ×Ð ▼Ó ❒❮✃Ô ❒❮✃ ÔÛØÚ
Ý✃❐ ÖÜ Ü❐✃✃ ÙÏ❐ÏØ✃❒✃❐Ð ×Ð ▼ þ◆Ó Ð×ÔÒ✃ ❒❮✃ ❰×Ô✃Ï❐ ØÖÑ✃❰ ❮ÏÐ ÏÔ ✃á❒❐Ï
ÙÏ❐ÏØ✃❒✃❐ ÜÖ❐ ÖÜÜÐ✃❒Ó Õ❮×Ò❮ ×Ð ÒÏÔÒ✃❰✃Ñ Ýà ❒❮✃ ÛÔ×❒ ❰✃Ôâ❒❮ ÒÖÔÚ
Ð❒❐Ï×Ô❒ ÖÔ ❒❮✃ Ù❐Öí✃Ò❒×ÖÔ ➱✃Ò❒Ö❐Þ äÖ❐ Ï ÑÏ❒Ï Ð✃❒ ÖÜ Ð×ì✃ ❙Ó Õ✃ Ô✃✃Ñ
❙ ✓ ▼ þ◆ ÜÖ❐ Ù❐ÖÙ✃❐ ❒❐Ï×Ô×ÔâÞ ■Ô Ö❒❮✃❐ ÕÖ❐ÑÐÓ ×Ü ❒ÖÖ ØÏÔà Ü✃Ï❒Û❐✃Ð
ÖÜ ✥ Ï❐✃ ×ÔÒ❰ÛÑ✃Ñ ×Ô ❒❮✃ þ❉ü ÐÒ❮✃Ø✃Ó ✣❒❒×Ôâ ❒Ö ÔÖ×Ð✃ Õ×❰❰ ❒Ïß✃ Ù❰ÏÒ✃Ó
❒❮✃❐✃Ýà ❐✃ÐÛ❰❒×Ôâ ×Ô ÕÖ❐Ð✃ Ù✃❐ÜÖ❐ØÏÔÒ✃ Õ❮✃Ô ÏÙÙ❰à×Ôâ ❒❮✃ Ò❰ÏÐÐ×Ú
✣✃❐ ❒Ö Ï ❒✃Ð❒ Ð✃❒Þ ❚Ö Ï➱Ö×Ñ ❒❮×Ð Ö➱✃❐ ✣❒❒×Ôâ ✃ÜÜ✃Ò❒Ó Õ✃ ×ØÙ❰✃Ø✃Ô❒ ❒❮✃
ÜÖ❰❰ÖÕ×Ôâ Ù❐ÖÒ✃ÑÛ❐✃ ❒Ö Ñ✃❒✃❐Ø×Ô✃ ❒❮✃ ÖÙ❒×ØÏ❰ Ü✃Ï❒Û❐✃Ð ÖÜ ✥ ❒Ö
×ÔÒ❰ÛÑ✃Þ ä×❐Ð❒ Õ✃ ÙÏ❐❒×❒×ÖÔ ❒❮✃ ÑÏ❒Ï ×Ô❒Ö ✣➱✃ ❒✃Ð❒Ó ÏÔÑ ❒❐Ï×Ô×ÔâÓ Ð✃❒Ð
ÒÖÔÐ×Ð❒×Ôâ ÖÜ ✂è✽ ÏÔÑ çè✽ ÖÜ ❒❮✃ ÑÏ❒ÏÓ ❐✃ÐÙ✃Ò❒×➱✃❰àÞ ò×❒❮×Ô ✃ÏÒ❮
❒❐Ï×Ô×Ôâ Ð✃❒Ó Õ✃ ✣ÔÑ ❒❮✃ ÒÖ❐❐✃❰Ï❒×ÖÔ Ý✃❒Õ✃✃Ô ❒❮✃ Ü✃Ï❒Û❐✃Ð ÖÜ ✥

ÏÔÑ ✃ÏÒ❮ ÖÜ ❒❮✃ ÿÿ Ü✃Ï❒Û❐✃Ð ÖÜ ✟Þ äÖ❐ ✃ÏÒ❮ Ü✃Ï❒Û❐✃Ó Õ✃ ÒÖØÙÛ❒✃
❒❮✃ Ù❐ÖÑÛÒ❒ ÖÜ ❒❮✃ ÙÚ➱Ï❰Û✃Ð ÒÖ❐❐✃ÐÙÖÔÑ×Ôâ ❒Ö ❒❮ÖÐ✃ ÒÖ❐❐✃❰Ï❒×ÖÔÐÓ
ÖÝ❒Ï×Ô×Ôâ Ï ➱Ï❰Û✃ Ý✃❒Õ✃✃Ô è ÏÔÑ éÓ Õ❮✃❐✃ Ï ➱Ï❰Û✃ ÖÜ é ×Ð ×Ô❒✃❐Ú
Ù❐✃❒✃Ñ ÏÐ ❒❮✃ Ü✃Ï❒Û❐✃ Ý✃×Ôâ ÛÔ❐✃❰Ï❒✃Ñ ❒Ö ✟ ÏÔÑ ❰ÖÕ✃❐ ➱Ï❰Û✃Ð ×ÔÑ×ÒÏ❒Ú
×Ôâ Ð❒❐ÖÔâ✃❐ ÏÐÐÖÒ×Ï❒×ÖÔÐÞ ò✃ ❒❮✃Ô ❐ÏÔß ❒❮✃ Ü✃Ï❒Û❐✃Ð ÏÒÒÖ❐Ñ×Ôâ ❒Ö
❒❮✃Ð✃ ➱Ï❰Û✃ÐÓ ÏÔÑ ß✃✃Ù ❒❮✃ ✄ Ý✃Ð❒ Ü✃Ï❒Û❐✃Ð ÜÖ❐ ❒❮✃ Ò❰ÏÐÐ×✣ÒÏ❒×ÖÔ ❒ÏÐßÞ
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✵♥❁❀✺✿✼✵♥❂ ❂❀✿✾✵✺♥✷✼ ✿♥✾ ✼✹t❀✷✺♥✺✾ ♣✺❀✵t✾✼ ✵♥ ✷✹✺ ✷❀✿❉✺❁✷t❀✵✺✼ t❢ ✹t✻ ❁✽r✷✽❀✿r ✵✷✺s✼ ❀✺❁✺✵✈✺
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✷✹✵✼ ❁✿✽✼✺✼ ❂❀t✻✵♥❂ ✷✽❀♥t✈✺❀ ❀✿✷✺✼ ✿♥✾ ✵♥✾✵✈✵✾✽✿r ✷t♣✵❁✼ ❀✺❁✺✵✈✵♥❂ ✼✹t❀✷✺❀ ✵♥✷✺❀✈✿r✼ t❢ ❁tr❅
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✄✝☞❜✆❛ ✂♦ ✝✁�☎✆✁ ✂♦ ✂✄✆ ❤�✁❤t�☎ ❯ ❞✆❛ t✟☞✆ ◗ ✭❜✡ �✄✡ ✝✁✆❛✘✳ ❍✆❛✆

❤�✁❤t�☎✁ ✁✆❛✠✆ �✁ � ❛✂✝☎❤ ☛❧�✁✁✟✚☛�t✟✂✄ ✂♦ ☛✂✄t✆✄t ✟✄t✂ ✞✟♦♦✆❛✆✄t

t✂❞✟☛✁✳ ❲✆ ✝✁✆ � t✟☞✆ ❛✆✁✂❧✝t✟✂✄ ✂♦ ✒✙ ❤ ✟✄ ✂❛✞✆❛ t✂ �✠✂✟✞ ✄✂✟✁✆

♦❛✂☞ ✞✟✝❛✄�❧ ❛❤✡t❤☞✁ �✄✞ t❤✆ ✟✄✏✝✆✄☛✆ ✂♦ ✞✟♦♦✆❛✆✄t t✟☞✆✣✂✄✆✁✳

❲✆ ☛✂✄✁✟✞✆❛ t❤✆ ☎❧✂❜�❧ t✂❞ ✛✓ ✝✁✆✞ ❤�✁❤t�☎✁✌ ✁�☞❞❧✆✞ ✆✠✆❛✡

❛✆☛✂❛✞✆✞ ❤✂✝❛ ♦❛✂☞ � ☛✂❛❞✝✁ ✂♦ ⑦✙✕ ❜✟❧❧✟✂✄ t♣✆✆t✁✷✼ ✭✂✝❛ ❛✆✁✝❧t✁

�❛✆ ❛✂❜✝✁t t✂ t❤✆ ✁❞✆☛✟✚☛ ✁✟✣✆ ✂♦ t❤✆ t✂❞ ☎❛✂✝❞✌ ✁✆✆ ❙✝❞❞❧✆☞✆✄t�❛✡

❋✟☎✳ ✔✘✳ ❇✡ ☛✂✄✁✟✞✆❛✟✄☎ t✂❞ ☎❛✂✝❞✁ ✂♦ ✚❝✆✞ ✁✟✣✆ ♣✆ ✆✄✁✝❛✆ t❤✆✎

✁�☞✆ ✄✝☞❜✆❛ ✂♦ ✞�t� ❞✂✟✄t✁ ✟✄ ✆�☛❤ �☎☎❛✆☎�t✟✂✄ ♣✟✄✞✂♣✌

�✠✂✟✞✟✄☎ ❜✟�✁ ♦❛✂☞ ✟✄☛❛✆�✁✟✄☎ ☛✂✝✄t✁ ✂♦ ✁✟☞✝❧t�✄✆✂✝✁ ✆✠✆✄t✁✳ ❚❤✆

☛❤✂✟☛✆ ✂♦ t✂❞ ☎❛✂✝❞✁ �❧✁✂ ☞�❝✟☞✟✣✆✁ t❤✆ ✁✟✣✆ ✂♦ t❤✆ ☛✂✄t❛✟❜✝t✟✄☎

❞✂❞✝❧�t✟✂✄ �✄✞ ☞✟✄✟☞✟✣✆✁ t❤✆ ✟✄✏✝✆✄☛✆ ✂♦ ❧✂☛�❧❧✡ ❤✆t✆❛✂☎✆✄✆✂✝✁

✝✁✆❛ ☎❛✂✝❞✁✳ ❚❤✝✁✌ ♣✆ ♦✂☛✝✁ ✂✄ ☎❧✂❜�❧❧✡ ✠✟✁✟❜❧✆ t✂❞✟☛✁✌ ✞✟✁☛✝✁✁✆✞

�❛✂✝✄✞ t❤✆ ♣✂❛❧✞✳

❆✄ ✆�❛❧✡ ✟✄✞✟☛�t✟✂✄ ✂♦ ✁✡✁t✆☞�t✟☛ ☛❤�✄☎✆✁ ✟✁ ☎❛✂♣✟✄☎ t❛�✄✁✟t

❛�t✆✁ ✂♦ ✞✟♦♦✆❛✆✄t ❤�✁❤t�☎✁ t❤❛✂✝☎❤ t❤✆ t✂❞ ☎❛✂✝❞✳ ❚❤✆ ✄✝☞❜✆❛✁ ✂♦

❤�✁❤t�☎✁ ❞�✁✁✟✄☎ t❤❛✂✝☎❤ t❤✆ t✂❞ ✛✓ ✭❙✝❞❞❧✆☞✆✄t�❛✡ ❚�❜❧✆ ✒✘

✁❤✂♣ t❤�t ✟✄ ✒✓✔✕ � ❤�✁❤t�☎ ✁t�✡✆✞ ♣✟t❤✟✄ t❤✆ t✂❞ ✛✓ ♦✂❛

✔✢✳✛ ❤✂✝❛✁ ✂✄ �✠✆❛�☎✆✌ � ✄✝☞❜✆❛ ♣❤✟☛❤ ☎❛�✞✝�❧❧✡ ✞✆☛❛✆�✁✆✁ t✂

✔✔✳❳ ❤✂✝❛✁ ✟✄ ✒✓✔✗ ✭✞✆t�✟❧✁ ✟✄ t❤✆ ❨✆t❤✂✞✁ ✁✆☛t✟✂✄ �✄✞

❙✝❞❞❧✆☞✆✄t�❛✡ ❚�❜❧✆ ✒✘✳

❋✂❛ ☞✂❛✆ ✞✆t�✟❧✆✞ ✟✄✠✆✁t✟☎�t✟✂✄✁ �❜✂✝t ❧✂✄☎✎t✆❛☞ ✞✆✠✆❧✂❞✎

☞✆✄t✁ �t � ☞�☛❛✂✁☛✂❞✟☛ ❧✆✠✆❧✌ ♣✆ ♦✂☛✝✁ ✂✄ ✁t�t✟✁t✟☛�❧ ❞❛✂❞✆❛t✟✆✁ ✂♦

t❤✆ t❛�❩✆☛t✂❛✟✆✁ ◆P✭◗✘✳ ❚❤✆ ✆✄✁✆☞❜❧✆ �✠✆❛�☎✆ t❛�❩✆☛t✂❛✡ ✂♦ �❧❧

❤�✁❤t�☎✁ ❬◆✭◗ ❭ ◗❪❫❴❵✘❡ ✭✁✆✆ ❨✆t❤✂✞✁ ✁✆☛t✟✂✄ ♦✂❛ ✞✆t�✟❧✁✘ ♦✂❛ t❤✆

✡✆�❛✁ ✒✓✔✕ t✂ ✒✓✔✗✌ �❛✂✝✄✞ ❧✂☛�❧ ☞�❝✟☞� ◆P✭◗❪❫❴❵✘✌ ❛✆✠✆�❧✁ � ✍✆✡

❞❛✂❞✆❛t✡ ✂♦ t❤✆ ☛❤�✄☎✆ ✟✄ t❤✆ ✞✡✄�☞✟☛✁ ✂♦ ☛✂❧❧✆☛t✟✠✆ �tt✆✄t✟✂✄

✭❋✟☎✳ ✔❜✘✳ ❚❤✆ �✠✆❛�☎✆ ☞�❝✟☞✝☞ ❞✂❞✝❧�❛✟t✡ ❬◆✭◗❪❫❴❵✘❡ ✂✄ ✂✄✆ ✞�✡

◗❪❫❴❵ ✁t�✡✁ ❛✆❧�t✟✠✆❧✡ ☛✂✄✁t�✄t✌ ♣❤✟❧✆ t❤✆ �✠✆❛�☎✆ ☎❛�✞✟✆✄t✁ ❬❣◆❡ ✟✄

❞✂✁✟t✟✠✆ �✄✞ ✄✆☎�t✟✠✆ ✞✟❛✆☛t✟✂✄ ❜✆☛✂☞✆ ✁t✆✆❞✆❛ ✂✠✆❛ t❤✆ ✡✆�❛✁✳

❚❤✆ t✟☞✆ ❛✆q✝✟❛✆✞ t✂ �☛❤✟✆✠✆ ❞✆�✍ ❞✂❞✝❧�❛✟t✡ ✞✆☛❛✆�✁✆✁ �✄✞ t❤✆

✞✆✁☛✆✄t ✂☛☛✝❛✁ ✁✡☞☞✆t❛✟☛�❧❧✡ ♦�✁t✆❛✌ ✁❤✂❛t✆✄✟✄☎ t❤✆ ❞✆❛✟✂✞ ✂♦ ✆�☛❤

t✂❞✟☛➆✁ ❞✂❞✝❧�❛✟t✡✳

❚✂ ✠✟✁✝�❧✟✣✆ t❤✆ t✆☞❞✂❛�❧ ✞✆✄✁✟t✡ ✂♦ t❤✆ ❧✂☛�❧ ☞�❝✟☞� ◆P✭◗❪❫❴❵✘

♣✆ ✞✆✚✄✆ ❜✝❛✁t✁ �✁ ✆❝t❛✆☞✆ ✁❧✂❞✆✁ t✂♣�❛✞ � ❧✂☛�❧ ☞�❝✟☞✝☞✌

✞✟❛✆☛t❧✡ ♦✂❧❧✂♣✆✞ ❜✡ � ♦�✁t ✞✆☛❧✟✄✆ ✭✁✆✆ ❨✆t❤✂✞✁ ✁✆☛t✟✂✄ ♦✂❛

✞✆t�✟❧✁✘✳ ❋✟☎✝❛✆ ✔☛ ✟❧❧✝✁t❛�t✆✁ t❤✆ ✁✟✣✆ �✄✞ t❤✆ t✟☞✟✄☎ ✂♦ ❜✝❛✁t

✂☛☛✝❛❛✆✄☛✆✁✌ ✁❤✂♣✟✄☎ �✄ ✟✄☛❛✆�✁✟✄☎ ✞✆✄✁✟t✡ ✂♦ ✆✠✆✄t✁ ♦❛✂☞

❜✂tt✂☞ t✂ t✂❞✳

❥✐✮✰❄✐✿▼✰✐❁❃✮ ❁❢ ✲✬✐❃✮ ✬❃❏ ❅❁✮✮✵✮ ✬❄✵ ✲❄❁❦✐❃✲ ✿❄❁✬❏✵❄✳ ❨✂t✟✎

✠�t✆✞ ❜✡ t❤✆✁✆ q✝�❧✟t�t✟✠✆ ✂❜✁✆❛✠�t✟✂✄✁✌ ♣✆ ✞✆✚✄✆ ☞✆�✁✝❛✆✁ ♦✂❛

✠✆❧✂☛✟t✟✆✁✳ ❚❤✆ ☞�✟✄ ✂❜✁✆❛✠�❜❧✆✁ ♦✂❛ ✂✝❛ ✟✄✠✆✁t✟☎�t✟✂✄ �❛✆ t❤✆

✞✟✁☛❛✆t✆ ✆☞❞✟❛✟☛�❧ ☎❛✂♣t❤ ❛�t✆✁✶✤✱✷✽✳ ❲✆ ✞✟✠✟✞✆ t❤✆☞ ✟✄t✂ ❛✆❧�t✟✠✆

☎�✟✄✁ ➼❣◆
ð♠Þ
♥ r◆♥s✉◗✈ ✇ ✉◆♥✉◗✈ ① ◆♥✉◗ ① ✔✈✈r◆♥✉◗ ① ✔✈②✓ �✄✞ ❛✆❧�t✟✠✆

❧✂✁✁✆✁ ➼❣◆
ð③Þ
♥ r◆♥s✉◗✈ ✇ ✉◆♥✉◗✈ ① ◆♥✉◗ þ ✔✈✈r◆♥✉◗ þ ✔✈②✓ ✂♦ ✆�☛❤

❤�✁❤t�☎ ❯ �✄✞ ♦✂❛ �❧❧ �✠�✟❧�❜❧✆ t✟☞✆ ❞✂✟✄t✁ ◗✳ ■✄t✆✄t✟✂✄�❧❧✡ ✟✄✞✆✎

❞✆✄✞✆✄t ✂♦ t❤✆ ✁✡✁t✆☞ ✁✟✣✆✌ ❛✆❧�t✟✠✆ ✠✆❧✂☛✟t✡ ☞✆�✁✝❛✆✁ �❧❧✂♣

☛✂☞❞�❛✟✁✂✄ �☛❛✂✁✁ ❧✂✄☎ t✟☞✆ ✟✄t✆❛✠�❧✁ �✄✞ �☛❛✂✁✁ ✞✟♦♦✆❛✆✄t

✞✂☞�✟✄✁✳ ❆✄ �❧t✆❛✄�t✟✠✆ ☞✆�✁✝❛✆ ✟✁ t❤✆ ❧✂☎�❛✟t❤☞✟☛ ☛❤�✄☎✆ ❧✂☎

✭◆P✭◗✘④◆P✭◗ ❭ ✔✘✘✌ ♣❤✟☛❤ ♣✆✟☎❤✁ ❧�❛☎✆ ✆✠✆✄t✁ ❧✆✁✁ ✁t❛✂✄☎❧✡✌ ❜✝t

❞❛✂✠✟✞✆✁ ✁✟☞✟❧�❛ ❛✆✁✝❧t✁✳

❲✆ �✄�❧✡✣✆ t❤✆ t♣✂ ✞✟✁t❛✟❜✝t✟✂✄✁ ✂♦ �❧❧ ❧✂✁✁✆✁ �✄✞ ☎�✟✄✁ �t �❧❧ t✟☞✆✁

✟✄ ❋✟☎✳ ✔✞✌ ✆✌ ❛✆✁❞✆☛t✟✠✆❧✡✳ ❆ ☎✂✂✞ ✚t ♦✂❛ ❜✂t❤ ✞✟✁t❛✟❜✝t✟✂✄✁ ✟✁ t❤✆ ❧✂☎✎

✄✂❛☞�❧ ✞✟✁t❛✟❜✝t✟✂✄ ⑤✉⑥✈ ✇ ✔r✉⑥⑧
⑨⑨⑨⑨⑨
✒⑩

❶
✈ ✆❝❞ ①✉❧✄✉⑥✈ ① ❷✈

❸
r✉✒⑧❸✈

❹ ❺

✭✁✆✆ ❨✆t❤✂✞✁ ✁✆☛t✟✂✄ �✄✞ ❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✳ ✒ ♦✂❛ �❧t✆❛✄�t✟✠✆

❞❛✂❜�❜✟❧✟t✡ ✞✟✁t❛✟❜✝t✟✂✄ ♦✝✄☛t✟✂✄✁✘✳ ❲✆ ✚✄✞ ☎❛✂♣✟✄☎ ✠�❧✝✆✁ ✂♦ t❤✆

✚tt✆✞ ❞�❛�☞✆t✆❛✁ ⑧ �✄✞ ❷ ✭✠�❧✝✆✁ �✄✞ t✆✁t✟✄☎ ❛✆✁✝❧t✁ ✟✄ ❙✝❞❞❧✆☞✆✄t�❛✡

❚�❜❧✆ ✕✘✳ ❚❤✆ ☛❤�✄☎✆✁ ✟✄ ⑧ �✄✞ ❷ ☛❧✆�❛❧✡ q✝�✄t✟♦✡ � ✁✡✁t✆☞�t✟☛ ✁❤✟♦t �✁

♣✆❧❧ �✁ t❤✆ ✟✄☛❛✆�✁✟✄☎ ✁✍✆♣✄✆✁✁ ✂♦ t❤✆ ✞✟✁t❛✟❜✝t✟✂✄✁✌ ✁✝❞❞✂❛t✟✄☎ t❤✆

✠✟✁✝�❧ ✂❜✁✆❛✠�t✟✂✄✁ ✟✄ ❋✟☎✳ ✔❜✖✆✳ ❇�✁✆✞ ✂✄ t❤✆ ♦✂❛☞�❧ ✞✆✚✄✟t✟✂✄ ✂♦

�☛☛✆❧✆❛�t✟✂✄✌ ♣✆ ✟✄t✆❛❞❛✆t ☛❤�✄☎✆✁ ✂♦ t❤✆ ❧✂☎�❛✟t❤☞✟☛ ✞✆❛✟✠�t✟✠✆ ❣◆④◆

t✂ ☛✂❛❛✆✁❞✂✄✞ t✂ � ✄✂✄✣✆❛✂ ✁✆☛✂✄✞ ✞✆❛✟✠�t✟✠✆ ✂♦ ◆P✭◗✘✌ ✟✳✆✳✌ �✄

�☛☛✆❧✆❛�t✟✂✄ ✂♦ ☛✂❧❧✆☛t✟✠✆ �tt✆✄t✟✂✄ ✞✡✄�☞✟☛✁✳ ❙✟✄☛✆ ♣✆ ✂❜✁✆❛✠✆✞ ✁t�❜❧✆

�✠✆❛�☎✆ ❞✆�✍ ❤✆✟☎❤t✁ ✟✄ ❋✟☎✳ ✔❜✌ ♣✆ ✁❤✂♣ t❤✆ ♦✝❧❧ ✞✟✁t❛✟❜✝t✟✂✄ ✂♦

☞�❝✟☞� ⑤✭◆P✭◗❪❫❴❵✘✘ ✟✄ t❤✆ ✟✄✁✆t ✂♦ ❋✟☎✳ ✔✆✳ ❚❤✆ ✞✟✁t❛✟❜✝t✟✂✄ ✟✁ ✠✆❛✡

❜❛✂�✞ ✭❞✂♣✆❛✎❧�♣ ❧✟✍✆✘ �✄✞ ✟☞❞✂❛t�✄t❧✡✌ ✁t�✡✁ ✁t�❜❧✆ ✂✠✆❛ t✟☞✆✌

☛✂❛❛✂❜✂❛�t✟✄☎ t❤✆ ☛✂✄✁t�✄t �✠✆❛�☎✆ ✠�❧✝✆ ♦❛✂☞ ❋✟☎✳ ✔❜✳

❆�✁✂✄☎✆ ❻❼❽❾❿➀ ➁➂➃➃❾❻➄➁❼❽➄➂❻➅ ➇ ➈➉➉➋➌➍➎➎➏➐➑➒➐➓➔➎→➣➒→➣↔↕➎➌➙→➙➛➜➝➣→➞➝➣➞↔→→➝➟

➠ ➸➺➻➼➽➾ ➚➪➶➶➼➸➹➚➺➻➹➪➸➘ ➴ ➷➬➮➱✃❐➱➮❒➱❮❰✃ ➴ ÏÐÐÑÒ❒ÓÓÔÕÖ×ÕÙÚÓ➱➮×➱➮ÛÜÓÒÝ➱ÝÞ❮ß➮➱✃ß➮✃Û➱➱ßà ➴ ààà×áâÐãÙä×åÕæÓáâÐãÙäåÕææãáÖåâÐÖÕáÒ



❆❀❀✵❅✵❄✬✰✐❁❃ ✬❀❄❁✮✮ ❏✐❢❢✵❄✵❃✰ ❏❁❂✬✐❃✮✳ ❚❤✆ �☛☛✆❧✆❛�t✟✂✄ ✟✁

✄✂t ✝✄✟q✝✆ t✂ ❚♣✟tt✆❛✳ ❲✆ ✂❜✁✆❛✠✆ ✁✟☞✟❧�❛ ✞✆✠✆❧✂❞☞✆✄t✁ ✟✄ �

✄✝☞❜✆❛ ✂♦ ✞✂☞�✟✄✁✌ ✂✄❧✟✄✆ �✄✞ ✂♦✏✟✄✆✌ ☛✂✠✆❛✟✄☎ ☞✝❧t✟❞❧✆ t✟☞✆

✁☛�❧✆✁✳ ❲✆ ☞✆�✁✝❛✆ ✠�❛✟✂✝✁ ❞❛✂❝✟✆✁ ♦✂❛ t❤✆ ☛✂❧❧✆☛t✟✠✆ �tt✆✄t✟✂✄

☎✟✠✆✄ t✂ ✟✄✞✟✠✟✞✝�❧ ☛✝❧t✝❛�❧ ✟t✆☞✁ ✟✄ ✞✟♦♦✆❛✆✄t ✞�t� ✁✂✝❛☛✆✁✳

❲✆ �✁✁✝☞✆ t❤�t ♣❤✆✄✆✠✆❛ � t✂❞✟☛ ✟✁ ✞✟✁☛✝✁✁✆✞ ✭❤�✁❤t�☎✁ ✂✄

❚♣✟tt✆❛✌ ☛✂☞☞✆✄t✁ ✂✄ ❘✆✞✞✟t✌ ✄✎☎❛�☞✁ ✟✄ ❜✂✂✍✁✌ ☛✟t�t✟✂✄✁ ✂♦

❞�❞✆❛✁✘ ✂❛ ☛✂✄✁✝☞✆✞ ✭t✟☛✍✆t✁ ♦✂❛ ☞✂✠✟✆✁✌ q✝✆❛✟✆✁ ✂✄ ●✂✂☎❧✆✘✌

✟t ❛✆☛✆✟✠✆✁ � ✁☞�❧❧ ♦❛�☛t✟✂✄ ✂♦ t❤✆ �✠�✟❧�❜❧✆ �tt✆✄t✟✂✄✳ ●✆✄✆❛�❧❧✡✌

♣✆ ✝✁✆ t❤✆ ❤✟☎❤✆✁t �✠�✟❧�❜❧✆ ☎❛�✄✝❧�❛✟t✡✌ ☛✂✄✁✟✞✆❛✟✄☎ ✡✆�❛❧✡

✆❞✟✁✂✞✆✁ ♣❤✆✄✆✠✆❛ ❞✂✁✁✟❜❧✆✳ ■✄ �❧❧ ✞�t�✁✆t✁ ♣✆ ♦✂☛✝✁ ✂✄ t✂❞

☎❛✂✝❞✁✌ �✄�❧✂☎✂✝✁❧✡ t✂ t❤✆ ❚♣✟tt✆❛ �✄�❧✡✁✟✁ ✭✁✆✆ ❙✝❞❞❧✆☞✆✄t�❛✡

❚�❜❧✆✁ ✔ �✄✞ ✒✌ ❋✟☎✳ ✒ �✄✞ ❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✁✳ ✕✖✢ ♦✂❛ ☞✂❛✆

✞✆t�✟❧✁✘✳

❨✂❛✆ ✁❞✆☛✟✚☛�❧❧✡❝ t❤✆ ❜✂✂✍✁ ✞�t� ☛✂✄✁✟✁t✁ ✂♦ t❤✆ ✡✆�❛❧✡

✂☛☛✝❛❛✆✄☛✆✁ ✂♦ ✟✄✞✟✠✟✞✝�❧ ♥✎☎❛�☞✁ ✭♥ ❂ ✔✌ ❹✌ ✛✘✌ ✄✂❛☞�❧✟✣✆✞ ❜✡

t❤✆ ✄✝☞❜✆❛ ✂♦ ❜✂✂✍✁ t❤✆✡ �❞❞✆�❛✆✞ ✟✄✌ ♦❛✂☞ t❤✆ ●✂✂☎❧✆ ❜✂✂✍✁

☛✂❛❞✝✁✺✳ ❚❤✆ ✠�❧✝✆✁ �❛✆ �☎☎❛✆☎�t✆✞ ♦✂❛ ❞✆❛✟✂✞✁ ✂♦ ✒✓ ✡✆�❛✁✌ t✂

�☛❤✟✆✠✆ ☎✂✂✞ ✁t�t✟✁t✟☛✁ ✞✆✁❞✟t✆ t❤✆ ☛✂�❛✁✆ ☎❛�✄✝❧�❛✟t✡ ✂♦ t❤✆ ✞�t�✳

❚❤✆ ☞✂✠✟✆ ✞�t� ☛✂✄t�✟✄✁ ♣✆✆✍❧✡ ❜✂❝✎✂♦✚☛✆ ✁�❧✆✁ ✂♦ ❍✂❧❧✡♣✂✂✞

☞✂✠✟✆✁ ✟✄ t❤✆ ❯❙✌ ✄✂❛☞�❧✟✣✆✞ ❜✡ t❤✆ ✄✝☞❜✆❛ ✂♦ t❤✆�t✆❛✁ t❤✆✡

♣✆❛✆ ✁☛❛✆✆✄✆✞ ✟✄✌ ♦❛✂☞ ❇✂❝ ✂♦✚☛✆ ❨✂❩✂✷✾✳ ❲✆ ✝✁✆ ♣✆✆✍❧✡ ✞�t� t✂

�✠✂✟✞ �☛☛✂✝✄t✟✄☎ ♦✂❛ ✟✄☛❛✆�✁✆✁ ✟✄ ✁�❧✆✁ t✂♣�❛✞✁ t❤✆ ♣✆✆✍✆✄✞✁✳ ❚✂

❛✆�☛❤ ❛✆�✁✂✄�❜❧✆ ✁�☞❞❧✆ ✁✟✣✆ ♣✆ �☎☎❛✆☎�t✆ t❤✆ ♣✆✆✍❧✡ ✞�t� ♦✂❛

❞✆❛✟✂✞✁ ✂♦ ✛ ✡✆�❛✁ ✂✠✆❛ t❤✆ ❧�✁t ♦✂✝❛ ✞✆☛�✞✆✁✳ ❚❤✆ ●✂✂☎❧✆ ✞�t�

☛✂☞❞❛✟✁✆✁ ♣✆✆✍❧✡ ✁✆�❛☛❤ q✝✆❛✟✆✁ ♦✂❛ ✟✄✞✟✠✟✞✝�❧ t✂❞✟☛✁ ♦❛✂☞ t❤✆

☞✂✄t❤❧✡ t✂❞ ☛❤�❛t✁ ✄✂❛☞�❧✟✣✆✞ ❜✡ t❤✆ ☞�❝✟☞✝☞ ♣✟t❤✟✄ ✆�☛❤

☛�t✆☎✂❛✡✌ ♦❛✂☞ ●✂✂☎❧✆ ❚❛✆✄✞✁✸✑✳ ❙✟✄☛✆ t❤✆ ✞�t� ✂✄❧✡ ☛✂✠✆❛✁ ✆✟☎❤t

✡✆�❛✁ ♣✆ �☎☎❛✆☎�t✆ ✂✠✆❛ � ❞✆❛✟✂✞ ✂♦ ✂✄✆ ✡✆�❛ t✂ ✂❜t�✟✄ ✁✝♦✚☛✟✆✄t

t✆☞❞✂❛�❧ ☎❛�✄✝❧�❛✟t✡ ✂♦ ☞✆�✁✝❛✆☞✆✄t✁✳ ❚❤✆ ❘✆✞✞✟t ✞�t� ☛✂✄✁✟✁t✁

✂♦ ✞�✟❧✡ ☛✂☞☞✆✄t ☛✂✝✄t✁ ✟✄ t❤✆ ✞✟✁☛✝✁✁✟✂✄✁ �tt�☛❤✆✞ t✂ ✟✄✞✟✠✟✞✝�❧

✁✝❜☞✟✁✁✟✂✄✁ ✂✄ ❘✆✞✞✟t✸✶✌ �☎☎❛✆☎�t✆✞ ✡✆�❛❧✡ ♦❛✂☞ ✒✓✔✓ t✂ ✒✓✔✛✳

❚❤✆ ✞�t� ❛✆☎�❛✞✟✄☎ ✁☛✟✆✄t✟✚☛ ❞✝❜❧✟☛�t✟✂✄✁ ✟✁ q✝�✄t✟✚✆✞ ❜✡

☞✂✄t❤❧✡ ☛✟t�t✟✂✄ ☛✂✝✄t✁ ✂♦ ✟✄✞✟✠✟✞✝�❧ ❞�❞✆❛✁ ♦❛✂☞ t❤✆ ❆�❙

☛✂❛❞✝✁✸✷✌ �☎☎❛✆☎�t✆✞ ♦✂❛ ❞✆❛✟✂✞✁ ✂♦ ✛ ✡✆�❛✁✌ ✞✝✆ t✂ t❤✆ ☛✂�❛✁✆❛

☎❛�✄✝❧�❛✟t✡✌ ☛✂✠✆❛✟✄☎ t❤✆ ❧�✁t t❤❛✆✆ ✞✆☛�✞✆✁✳ ❲✟✍✟❞✆✞✟� ✟✁

✞✆✁☛❛✟❜✆✞ ❜✡ t❤✆ ✞�✟❧✡ t❛�♦✚☛ ✂✄ ✟✄✞✟✠✟✞✝�❧ ❲✟✍✟❞✆✞✟� �❛t✟☛❧✆✁✸✸✌

�☎☎❛✆☎�t✆✞ ✡✆�❛❧✡ ♦❛✂☞ ✒✓✔✒ t✂ ✒✓✔✢✳

❉✆✁❞✟t✆ t❤✆ ✞✟✠✆❛✁✟t✡ ✂♦ t❤✆ ✞�t�✁✆t✁ ✟✄ t✆❛☞✁ ✂♦ ☛✂✄t✆❝t✝�❧

❜�☛✍☎❛✂✝✄✞✌ t✟☞✆✁❞�✄ ✂❛ ✁✟✣✆✌ ❋✟☎✳ ✒ �✄✞ ❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✁✳ ✒✌ ✕

✸✁✁✂✁✁✁

✶✄✄☎✄✄✄
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✒✁❊❘

✒✁❊❚
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✑✁✒✷
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✒✁❊❱

✒✁❊◗

✒✁✘ ✒✁❱

▼✝①✕✞✝

❲✝✕✍✎

●❳❨✩✫✬✯✰❩

❬
✚▲
❭✚✛
♣✢
✣✤
✥✥

❋●❍
■❪❖P●❍

❬
✚ ❫
▲ ❴
❵▲
❴✥

❛

❜ ❞

❡ ❢

✒✁❊❱

❣❱❩❳ ❬ ➃❤❥➌❦➓➑❧➔ ➉➈❤ ➌➋❤❤➏ ➐♦ ➈❥➌➈➉❥➔ ➏♠❧❥q➑r➌➍ s ✇❥➑③♠ ❦➌❥➔❤ ④⑤⑥⑦⑧ ➐♦ ➉➈❤ ➉➐➋ ⑨➣ ➈❥➌➈➉❥➔➌ ⑩ ➐❧ ❽➟➑➉➉❤➓ ➑❧ ❶➣→➛❷ ➟➑➉➈ ❤❸❤q➋③❥➓♠ ➈➑➔➈③➑➔➈➉❤➏ q❥❺➐➓ ❤❻❤❧➉➌➒

❼ ❼❻❤➓❥➔❤ ➉➓❥❺❤r➉➐➓➑❤➌ ❽④⑥⑦ ❾ ⑦❿➀➁➂⑧➃ ③❤❥➏➑❧➔ ➉➐ ❥ ③➐r❥③ q❥❸➑q❦q ④⑤⑥⑦❿➀➁➂⑧ ➑❧ ❥③③ ➉➐➋ ➈❥➌➈➉❥➔➌ ♦➓➐q ❶➣→↔ ➉➐ ❶➣→➛➒ ❽➈❤ ➌➈❥➏❤➏ ❥➓❤❥ ➌➈➐➟➌ ➉➈❤ ➞⑨➄ r➐❧➅➏❤❧r❤

➑❧➉❤➓❻❥③➌ ⑥➁➄⑧➒ ➄❧ ➉➈❤ ➆❥r➇➔➓➐❦❧➏ ❥ →➄ ➓❥❧➏➐q ➌❥q➋③❤ ➐♦ ➉➓❥❺❤r➉➐➓➑❤➌ ➑➌ ➌➈➐➟❧ ➑❧ ➔➓❤♠➒ ➈ ❽❤q➋➐➓❥③ ➏❤❧➌➑➉♠ ➐♦ ❤❸➉➓❤q❤ ❤❻❤❧➉➌ ⑥③➐r❥③ q❥❸➑q❥ ➟➑➉➈ ❥ ③➐➟❤➓

➉➈➓❤➌➈➐③➏ ♦➐➓ ➉➈❤ ➌③➐➋❤➌❷ ♦➐➓ ➏❤➉❥➑③➌ ➌❤❤ ➃❤➉➈➐➏➌ ➌❤r➉➑➐❧⑧❷ ➌r❥➉➉❤➓❤➏ ➐❻❤➓ ↔➛⑨ ➏❥♠➌➒ ❘ ✇➑➌➉➓➑➆❦➉➑➐❧ ➐♦ ➏❥➑③♠ ➓❤③❥➉➑❻❤ ③➐➌➌❤➌ ➉ð➋④
➌➍Þ
➎ ➏④➎➐ ❥❧➏ ➑ ➏❥➑③♠ ➓❤③❥➉➑❻❤

➔❥➑❧➌ ➉ð➋④
➌➒Þ
➎ ➏④➎➐➒ ❽➈❤ ➌➐③➑➏ ③➑❧❤➌ ➌➈➐➟ ➅➉➉❤➏ ③➐➔➝❧➐➓q❥③ ➏➑➌➉➓➑➆❦➉➑➐❧➌ ➉ð➓➐ ➔ →➏ð➓→

➣➣➣➣➣➣
❶↔

↕
➐➙➛➜ ➝ð➞➟ð➛➐ ➝ ➠➐

➡
➏ð❶→➡➐

➢ ➤
⑥➏➑➌➉➓➑➆❦➉➑➐❧➌ ➉➓❦❧r❥➉❤➏ ❥➉ →➣➥➦⑧➒ ➄❧➌❤➉➍

❽➈❤ r➐➓➓❤➌➋➐❧➏➑❧➔ ➏➑➌➉➓➑➆❦➉➑➐❧➌ ➐♦ ➉➈❤ ③➐r❥③ q❥❸➑q❥ ➐♦ ❤❥r➈ ➈❥➌➈➉❥➔ ➉➓❥❺❤r➉➐➓♠ ➉⑥④⑤⑥⑦❿➀➁➂⑧⑧ ⑥➏➑➌➉➓➑➆❦➉➑➐❧➌ ➉➓❦❧r❥➉❤➏ ❥➉ →➣➦⑧➒ ➅➐❦➓r❤ ➏❥➉❥ ❥➓❤ ➋➓➐❻➑➏❤➏ ❥➌ ❥

➅➐❦➓r❤ ✇❥➉❥ ➅③❤ ❥❧➏ ➑❧ ❥❧ ➐❧③➑❧❤ ➓❤➋➐➌➑➉➐➓♠ ⑥➌❤❤ ➏❥➉❥ ❥❻❥➑③❥➆➑③➑➉♠ ➌➉❥➉❤q❤❧➉⑧

❻❼❽❾❿➀ ➁➂➃➃❾❻➄➁❼❽➄➂❻➅ ➇ ➈➉➉➋➌➍➎➎➏➐➑➒➐➓➔➎→➣➒→➣↔↕➎➌➙→➙➛➜➝➣→➞➝➣➞↔→→➝➟ ❆�✁✂✄☎✆

➸➺➻➼➽➾ ➚➪➶➶➼➸➹➚➺➻➹➪➸➘ ➴ ➷➬➮➱✃❐➱➮❒➱❮❰✃ ➴ ÏÐÐÑÒ❒ÓÓÔÕÖ×ÕÙÚÓ➱➮×➱➮ÛÜÓÒÝ➱ÝÞ❮ß➮➱✃ß➮✃Û➱➱ßà ➴ ààà×áâÐãÙä×åÕæÓáâÐãÙäåÕææãáÖåâÐÖÕáÒ ➧



�✄✞ ✙ ✁❤✂♣ ❤✂♣ t❤✆ ❛✆❧�t✟✠✆ ☛❤�✄☎✆✁ ❣◆④◆ �❛✆ ✁✟☞✟❧�❛❧✡

✞✟✁t❛✟❜✝t✆✞✌ ✁✝☎☎✆✁t✟✄☎ ☛✂☞☞✂✄ ✝✄✞✆❛❧✡✟✄☎ ☞✆☛❤�✄✟✁☞✁✳ ❆✁

✄✂t✆✞ �❜✂✠✆✌ t❤✆ ❛✆❧�t✟✠✆ ☛❤�❛�☛t✆❛ ✂♦ t❤✆ ✂❜✁✆❛✠�❜❧✆ ❣◆④◆

☛✂☞❞✆✄✁�t✆✁ ♦✂❛ ☞�✄✡ ✁t❛✝☛t✝❛�❧ ✞✟♦♦✆❛✆✄☛✆✁ ✁✝☛❤ �✁ ✁✡✁t✆☞ ✁✟✣✆

✂❛ ✄✂❛☞�❧✟✣�t✟✂✄ ♦�☛t✂❛✁✌ ✆✄�❜❧✟✄☎ ✝✁ t✂ ☛✂☞❞�❛✆ t❤✆✁✆ ✁✡✁t✆☞�t✟☛

☛❤�✄☎✆✁ �☛❛✂✁✁ ✞✟♦♦✆❛✆✄t ✞✂☞�✟✄✁✳

❚❤✆ ❜✂❝✎❞❧✂t✁ ✟✄ ❋✟☎✳ ✒ ✁❤✂♣ ❤✂♣ t❤✆ ❛✆✁❞✆☛t✟✠✆ ✞✟✁t❛✟❜✝t✟✂✄✁ ✂♦

❛✆❧�t✟✠✆ ☎�✟✄✁ ⑤✉❣◆
ð♠Þ
♥ r◆♥✈ ✝✄✞✆❛☎✂ � ❧✂✄☎✎t✆❛☞ ✞✆✠✆❧✂❞☞✆✄t ✟✄

�❧☞✂✁t �❧❧ ✞�t�✁✆t✁ ✭❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✁✳ ✕ �✄✞ ✙ ♦✂❛ ♦✝❧❧

✞✟✁t❛✟❜✝t✟✂✄✁ �✄✞ ❙✝❞❞❧✆☞✆✄t�❛✡ ❚�❜❧✆✁ ✙✖✔✓ ♦✂❛ t❤✆ ✚tt✆✞

❞�❛�☞✆t✆❛ ✂♦ t❤✆ ❧✂☎✎✄✂❛☞�❧ ✞✟✁t❛✟❜✝t✟✂✄✁✘✳ ❚❤✆ ☎❛✂♣t❤ ✂♦ t❤✆

☞✆✞✟�✄ ✠�❧✝✆ �✄✞ ✟t✁ ✟✄☛❛✆�✁✟✄☎ ✞✟✁t�✄☛✆ t✂ t❤✆ ☞✆�✄✌ �✁ ♣✆❧❧ �✁

t❤✆ ☎❛✂♣✟✄☎ ✝❞❞✆❛ ❜✂❝✆✁ �✄✞ ♣❤✟✁✍✆❛✁ ✞✆✁☛❛✟❜✆ � ✁❤✟♦t �✄✞ �✄

✟✄☛❛✆�✁✟✄☎ ✁✍✆♣✄✆✁✁ ✂♦ t❤✆ ✞✟✁t❛✟❜✝t✟✂✄✁✳ ❚❤✟✁ ❛✆❞❛✆✁✆✄t✁✌ ✟✄

�☎❛✆✆☞✆✄t ♣✟t❤ ✂❜✁✆❛✠�t✟✂✄✁ ♦✂❛ ❚♣✟tt✆❛✌ � ✞✆✠✆❧✂❞☞✆✄t t✂♣�❛✞✁

✂✠✆❛�❧❧ ✁t✆✆❞✆❛ ✁❧✂❞✆✁ �✄✞ ☞✂❛✆ ✆❝t❛✆☞✆ ☛❤�✄☎✆✁ ✟✄ ☛✂❧❧✆☛t✟✠✆

�tt✆✄t✟✂✄ ♦✂❛ ✟✄✞✟✠✟✞✝�❧ ☛✝❧t✝❛�❧ ✟t✆☞✁✳

■t ✟✁ ✟☞❞✂❛t�✄t t✂ ✄✂t✆ t❤�t ♣✆ ✞✂ ✄✂t ✂❜✁✆❛✠✆ t❤✟✁ ✞✆✠✆❧✂❞☞✆✄t

✟✄ �✄ �❧❧ ☛✂✄✁✟✞✆❛✆✞ ✞�t�✁✆t✁✳ ❋✂❛ ✁☛✟✆✄t✟✚☛ ☛✟t�t✟✂✄✁ �✄✞ t❛�♦✚☛ ✂✄

❲✟✍✟❞✆✞✟� ❞�☎✆✁✌ t❤✆❛✆ ✟✁ ✄✆☎❧✟☎✟❜❧✆ ☎❛✂♣t❤ ✂♦ ❛✆❧�t✟✠✆ ☎�✟✄✁ �✄✞

❧✂✁✁✆✁ ✭❋✟☎✳ ✒♦✌ ☎✘✳ ❆ ❞✂✁✁✟❜❧✆ ✆❝❞❧�✄�t✟✂✄ ✟✁ t❤�t t❤✆ ✞❛✟✠✟✄☎

☞✆☛❤�✄✟✁☞✁ ✟✄ t❤✆✁✆ ✞�t�✁✆t✁ �❛✆ q✝�❧✟t�t✟✠✆❧✡ ✞✟♦♦✆❛✆✄t❞ t❤�t

t❤✆✁✆ ✍✄✂♣❧✆✞☎✆✎❜�✁✆✞ ✁✡✁t✆☞✁ �❛✆ ❧✆✁✁ ☎✂✠✆❛✄✆✞ ❜✡ ❞✂❞✝❧�❛✟t✡

✂❛ �tt✆✄t✟✂✄ ✞✡✄�☞✟☛✁ t❤�✄ t❤✆ ✂t❤✆❛ ✞�t� ✁✂✝❛☛✆✁ ✭✁✆✆

❙✝❞❞❧✆☞✆✄t�❛✡ ✄✂t✆ ✔ ♦✂❛ ♦✝❛t❤✆❛ ✞✟✁☛✝✁✁✟✂✄✘✳

❲❤✟❧✆ ♣✆ ✂❜✁✆❛✠✆ �✄ ✟✄☛❛✆�✁✟✄☎ ❛�t✆ ✂♦ ☛❤�✄☎✆ �☛❛✂✁✁ ✁✡✁t✆☞✁✌

�✁ ✟t ♣�✁ t❤✆ ☛�✁✆ ♦✂❛ ❚♣✟tt✆❛✌ t❤✆ ✞✟✁t❛✟❜✝t✟✂✄✁ ✂♦ ❞✆�✍

❞✂❞✝❧�❛✟t✟✆✁ ⑤✭◆P✭◗❪❫❴❵✘✘ ❛✆☞�✟✄ ✁t�❜❧✆✳ ❚❤✆ ✞✆✠✆❧✂❞☞✆✄t ✂♦ t❤✆

❞✆�✍ ❤✆✟☎❤t✁ ✞✂ ✄✂t ♦✂❧❧✂♣ � ☛❧✆�❛ t❛✆✄✞ ✭✟✄✁✆t✁ ✂♦ ❋✟☎✳ ✒✘ �✄✞ ♦✂❛

✄✆�❛❧✡ �❧❧ ✞�t�✁✆t✁ t❤✆✡ ❛✆☞�✟✄ ✁t�❜❧✆ ✂✠✆❛ t✟☞✆ ✭✁✆✆ ❙✝❞❞❧✆☞✆✄✎

t�❛✡ ❋✟☎✳ ✛ ♦✂❛ ♦✝❧❧ ✞✟✁t❛✟❜✝t✟✂✄✁✌ t❤✆ ✆❝☛✆❞t✟✂✄ ✂♦ ❲✟✍✟❞✆✞✟� ✟✁

✞✟✁☛✝✁✁✆✞ ✟✄ ❙✝❞❞❧✆☞✆✄t�❛✡ ✄✂t✆ ✔✘✳ ❚❤✆✁✆ ❛✂❜✝✁t ✂❜✁✆❛✠�t✟✂✄✁

�☛❛✂✁✁ t❤✆ ✞�t� ✁✂✝❛☛✆✁ �❛✆ ♦✝❛t❤✆❛ �♦✚❛☞✆✞ ❜✡ ✠✟✁✝�❧✟✣✟✄☎ ❜✝❛✁t

✆✠✆✄t✁ ✂✠✆❛ t✟☞✆ ✭❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✝❛✆ ✗✘ �✄✞ ✞✆☛❛✆�✁✟✄☎

�✠✆❛�☎✆ t✟☞✆✁ ❜✆t♣✆✆✄ t❤✆✁✆ ✆✠✆✄t✁ ✭❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✝❛✆ ✢✘✳

❚❤✆ ✆☞❞✟❛✟☛�❧ ♣✂❛✍ ✁✝☎☎✆✁t✁ t❤❛✆✆ ✍✆✡ ✚✄✞✟✄☎✁❝ ✚❛✁t✌ t❤✆ ❞✆�✍
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➸➺➻➼➽➾ ➚➪➶➶➼➸➹➚➺➻➹➪➸➘ ➴ ➷➬➮➱✃❐➱➮❒➱❮❰✃ ➴ ÏÐÐÑÒ❒ÓÓÔÕÖ×ÕÙÚÓ➱➮×➱➮ÛÜÓÒÝ➱ÝÞ❮ß➮➱✃ß➮✃Û➱➱ßà ➴ ààà×áâÐãÙä×åÕæÓáâÐãÙäåÕææãáÖåâÐÖÕáÒ ❥



■✄☛❛✆�✁✟✄☎ ☛✂☞☞✝✄✟☛�t✟✂✄ ❛�t✆✁ ☛�✝✁✆ q✝�❧✟t�t✟✠✆ ☛❤�✄☎✆✁ ✟✄ t❤✆

❜✆❤�✠✟✂❛ ✂♦ ✆✠✆✄ � ✁t❛✂✄☎❧✡ ❛✆✞✝☛✆✞ ✠✆❛✁✟✂✄ ✂♦ ✂✝❛ ☞✂✞✆❧✳ ❚✂

✂❜t�✟✄ �✄ �✄�❧✡t✟☛ ✝✄✞✆❛✁t�✄✞✟✄☎ ✂♦ t❤✆ ❞❛✟✄☛✟❞�❧ ❜✆❤�✠✟✂❛ ✂♦ t❤✆

✁✡✁t✆☞ ✝✄✞✆❛ t❤✆ ✠�❛✟�t✟✂✄ ✂♦ t❤✆ ❛�t✆✁ r☞ �✄✞ r�✌ ♣✆ ☛✂✄✁✟✞✆❛ �

✁✟✄☎❧✆ t✂❞✟☛ ♣✟t❤✂✝t ☞✆☞✂❛✡ ✞✆☛�✡✳ ❙✆tt✟✄☎ ✟❂ ✓ �✄✞ ✆ ✁ ✓ ♣✆

✟✄✠✆✁t✟☎�t✆ t❤✆ ✞✡✄�☞✟☛✁ ✂♦ �✄ ✟✁✂❧�t✆✞ t✂❞✟☛ ❞❛✆✁✆✄t✆✞ t✂ �

�✝✞✟✆✄☛✆ ♣✟t❤ ✟✄✚✄✟t✆ ☞✆☞✂❛✡✳ ❚❤✟✁ ✁✟✄☎❧✆✎t✂❞✟☛ ☛�✁✆ ✟✁ �✄�❧✡t✟✎

☛�❧❧✡ ✁✂❧✠�❜❧✆ �✄✞ ✡✟✆❧✞✁ ◆✉◗✈ ✇ ❸❑
r❝

r♣❡
✄r♣ðt✄t�✂☎✆Þ

✶þ❡✄r♣ðt✄t�✂☎✆ Þ
✝ ✞✷ ✭✁✆✆ ❨✆t❤✂✞✁

✁✆☛t✟✂✄ ♦✂❛ ✞✆t�✟❧✁✘✳ ❚❤✆ ✁✂❧✝t✟✂✄ ♦✂❛ � ✁✟✄☎❧✆ t✂❞✟☛ ❛✆✁✆☞❜❧✆✁ t❤✆

✞✆❛✟✠�t✟✠✆ ✂♦ � ❧✂☎✟✁t✟☛ ☎❛✂♣t❤ ❞❛✂☛✆✁✁✌ ✍✄✂♣✄ ✆✳☎✳✌ ♦✂❛ t❤✆ �✞✂❞t✆❛

✞✡✄�☞✟☛✁ ✟✄ t❤✆ t❤✆✂❛✡ ✂♦ ✟✄✄✂✠�t✟✂✄ ✞✟♦♦✝✁✟✂✄✷✸✳ ❚❤✟✁ ✁✝❞❞✂❛t✁

✂✝❛ ✟✄t✆❛❞❛✆t�t✟✂✄ ✂♦ � ☎❛✂♣t❤ ❞❛✂☛✆✁✁ ✂✄ � ✚✄✟t✆ ☞�❛✍✆t ✂♦

�✠�✟❧�❜❧✆ ☛✂❧❧✆☛t✟✠✆ �tt✆✄t✟✂✄✳ ❲❤✟❧✆ ✟✄☛❛✆�✁✟✄☎ t❤✆ ☎❛✂♣t❤ ❛�t✆ r☞
✟✁ ✞✟❛✆☛t❧✡ ❛✆❧�t✆✞ t✂ ✂✝❛ ✆☞❞✟❛✟☛�❧ ☞✆�✁✝❛✆☞✆✄t✁ ✂♦ ❣◆④◆✌ t❤✆

✞✆✠✆❧✂❞☞✆✄t ✂♦ t❤✆ ☛✂✄✁✝☞❞t✟✂✄ ❛�t✆ r� ❛✆q✝✟❛✆✁ � ☞✂❛✆ ✟☞❞❧✟☛✟t

�❛☎✝☞✆✄t✳ ❚❤✆ ☞�❝✟☞✝☞ ✂♦ ◆✭◗✘ ♦✂❛ t❤✆ ✟✁✂❧�t✆✞ t✂❞✟☛ ✞✆❞✆✄✞✁ ✂✄

t❤✆ ❛�t✟✂ r☞④r� ✭✁✆✆ ❨✆t❤✂✞✁ ✁✆☛t✟✂✄ ♦✂❛ ✞✆t�✟❧✁✘✳ ❈✂✄✁✆q✝✆✄t❧✡✌ t❤✆

✁t�❜❧✆ ❞✆�✍ ❤✆✟☎❤t✁ ✟✄ t❤✆ ✆☞❞✟❛✟☛�❧ ✂❜✁✆❛✠�t✟✂✄ ✁✝☎☎✆✁t t❤�t t❤✆

❛�t✆✁ ✂♦ ☛✂✄t✆✄t ❞❛✂✞✝☛t✟✂✄ �✄✞ ☛✂✄✁✝☞❞t✟✂✄ ☞✟☎❤t ❜✆ ✞✟♦♦✆❛✆✄t✌

❜✝t ✟✄☛❛✆�✁✟✄☎ r☞ ❛✆q✝✟❛✆✁ � ❞❛✂❞✂❛t✟✂✄�❧ ✟✄☛❛✆�✁✆ ✂♦ r� t✂ ☞�✟✄t�✟✄

t❤✟✁ ❞❛✂❞✆❛t✡ ✭♦✂❛ ✁✟☞❞❧✟☛✟t✡ ♣✆ ☛❤✂✂✁✆ r�❂ r☞ ✟ r✘✳ ❚❤✆ ❞�❛�✎

☞✆t✆❛ r ☛✂✄t❛✂❧✁ t❤✆ ✁❧✂❞✆✁✌ ❞✂✁✟t✟✠✆ �✄✞ ✄✆☎�t✟✠✆❞ t❤✆ ❞✆�✍ ❤✆✟☎❤t✁

✁t�✡ ✁t�❜❧✆ ❜✝t �❛✆ ❛✆�☛❤✆✞ ☞✂❛✆ ❛�❞✟✞❧✡✌ �☎�✟✄ ☛✂✄✁✟✁t✆✄t ♣✟t❤

❛✆�❧✎♣✂❛❧✞ ✂❜✁✆❛✠�t✟✂✄✁ ✭✁✆✆ ❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✝❛✆ ✜�✘✳

❚❤✟✁ ✡✟✆❧✞✁ t❤✆ ♦✂❧❧✂♣✟✄☎ ✟✄t✆❛❞❛✆t�t✟✂✄ ✂♦ t❤✆ ✆☞❞✟❛✟☛�❧ ✚✄✞✟✄☎✁

♦✂❛ ✟✄✞✟✠✟✞✝�❧ t✂❞✟☛✁❝ ❚❤✆ ❛�t✆ ♣✟t❤ ♣❤✟☛❤ ✄✆♣ ☛✂✄t✆✄t ✟✁ ☛❛✆�t✆✞

✟✄☛❛✆�✁✆✁ ✟✄ ❞❛✂❞✂❛t✟✂✄ t✂ t❤✆ ❛�t✆ ♣✆ ☛✂✄✁✝☞✆ ☛✂✄t✆✄t �✄✞

✆❝❤�✝✁t �tt✆✄t✟✂✄ ✭✁�t✝❛�t✟✂✄✘✳ ❚❤✟✁ ☛�✝✁✆✁ ☎�✟✄✁ ✂♦ ❞✂❞✝❧�❛✟t✡ t✂

❜✆☛✂☞✆ ✁t✆✆❞✆❛✌ ♣❤✟❧✆ t❤✆ ✁�t✝❛�t✟✂✄ ❞✂✟✄t ✟✁ �❧✁✂ ❛✆�☛❤✆✞ ☞✂❛✆

q✝✟☛✍❧✡✳ ❚❤✝✁✌ t❤✆ ❞✆�✍ ❤✆✟☎❤t ✟✁ ☛✂✄✁✆❛✠✆✞✌ ❜✝t ✟t ✟✁ ❛✆�☛❤✆✞

✆�❛❧✟✆❛ �✄✞ t❤✆ ❞❤�✁✆✁ ✂♦ ☛✂❧❧✆☛t✟✠✆ �tt✆✄t✟✂✄ �❛✆ ✁❤✂❛t✆✄✆✞✳

❘✆t✝❛✄✟✄☎ t✂ t❤✆ ✆☞❞✟❛✟☛�❧ ✞�t�✌ ♣✆ ☛✂✄✁✟✞✆❛ � ☞✂❛✆ ❛✆�❧✟✁t✟☛

✁☛✆✄�❛✟✂ ✂♦ ☞✝❧t✟❞❧✆✌ ☛✂☞❞✆t✟✄☎ t✂❞✟☛✁❝ ❚❤✆ ♦✝❧❧✡ ☛✂✝❞❧✆✞ ✁✡✁t✆☞

♣✟t❤ ✚✄✟t✆ ☞✆☞✂❛✡ ✆♦♦✆☛t✁ ❊q✳ ✭✔✘ ✟✳✆✳✌ ✟ ❃ ✓ �✄✞ ✆ ❃ ✓✌ ✟✁ ✁✂❧✠✆✞

✄✝☞✆❛✟☛�❧❧✡✳ ❚❤✆ ✞✡✄�☞✟☛✁ ☛�✄ ✄✂♣ ❜✆☛✂☞✆ ☛✂☞❞❧✆❝✌ ✆❝❤✟❜✟t

☛❤�✂t✟☛ ❜✆❤�✠✟✂❛✸✤✱✸✼✌ �✄✞ ☛❤�❛�☛t✆❛✟✁t✟☛✁ ✂♦ ✁✆❧♦✎✂❛☎�✄✟✣✆✞

☛❛✟t✟☛�❧✟t✡✸✽✱✸✾✌ ♣✟t❤ ❜❛✂�✞ ✞✟✁t❛✟❜✝t✟✂✄✁ ✂♦ ✆✠✆✄t ✁✟✣✆✁ ✭✁✆✆ ❙✝❞❞❧✆✎

☞✆✄t�❛✡ ✄✂t✆ ✒ �✄✞ ❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✝❛✆ ❳✘✳

❲✟t❤ t❤✆ ☞✝❧t✟t✂❞✟☛ ☞✂✞✆❧ ✟✄ ❊q✳ ✭✔✘✌ ♣✆ ☛�✄ ✄✂♣ ✚t t❤✆

☞✂✞✆❧➆✁ ❞�❛�☞✆t✆❛✁ t✂ t❤✆ ☎�✟✄ ✞✟✁t❛✟❜✝t✟✂✄ ♦❛✂☞ ✒✓✔✗ �✄✞ ✂❜t�✟✄

�✄ ✆❝☛✆❧❧✆✄t ✚t ♣✟t❤ � ❑✂❧☞✂☎✂❛✂✠✖❙☞✟❛✄✂✠ ✭❑❙✘ ✞✟✁t�✄☛✆ ✂♦ ✓✳✓✔

�✄✞ � ✠ ✠�❧✝✆ ✂♦ ✓✳✜✛ ✭✁✆✆ ❨✆t❤✂✞✁ ✁✆☛t✟✂✄ �✄✞ ❙✝❞❞❧✆☞✆✄t�❛✡

❚�❜❧✆ ✔✔ ♦✂❛ ✞✆t�✟❧✁✘✳ ❘✆☞�❛✍�❜❧✡✌ ☛❤�✄☎✟✄☎ � ✁✟✄☎❧✆ ❞�❛�☞✆t✆❛ r

♦✂❛ t❤✆ ✟✄✎ �✄✞ ✂✝t✎✏✝❝ ✂♦ ✟✄♦✂❛☞�t✟✂✄ �❧❧✂♣✁ ✝✁ t✂ ❛✆❞❛✂✞✝☛✆ �❧❧

✂t❤✆❛ ✂❜✁✆❛✠�t✟✂✄✁ �t ✂✄☛✆✌ ♦✂❛ ❚♣✟tt✆❛ ✭❋✟☎✳ ✕✆✖❤✘ �✄✞ ♦✂❛ t❤✆

✂t❤✆❛ ✞�t�✁✆t✁ ❜✡ t❤✆ ✁�☞✆ ❞❛✂☛✆✞✝❛✆ ✭❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✁✳ ✔✓

�✄✞ ✔✔✘✳ ❚❤✆ �☎❛✆✆☞✆✄t ♣✟t❤ ❛✆�❧✎♣✂❛❧✞ ✞�t� �✄✞ t❤✆ ✁✟☞❞❧✟☛✟t✡ ✂♦

t❤✆✟❛ ✟✄t✆❛❞❛✆t�t✟✂✄ ☞�✍✆ t❤✆ ❛✆✁✝❧t✁ ❞�❛t✟☛✝❧�❛❧✡ ❞✆❛✁✝�✁✟✠✆✳

❆❧❧ �✁❞✆☛t✁ ✂♦ ✂✝❛ ✂❜✁✆❛✠�t✟✂✄✁ ✂✄ t❤✆ ✠�❛✟✂✝✁ ✞�t�✁✆t✁ �❛✆

❛✆❞❛✂✞✝☛✆✞ ❜✡ t❤✆ ☞✂✞✆❧✳ ■✄ ❋✟☎✳ ✕✆✌ t❤✆ �✠✆❛�☎✆ t❛�❩✆☛t✂❛✟✆✁ ✁❤✂♣

t❤✆ ✁�☞✆ ✞✆✠✆❧✂❞☞✆✄t �✁ ✟✄ t❤✆ ✆☞❞✟❛✟☛�❧ ✚✄✞✟✄☎✁ ✭❋✟☎✳ ✔❜✘✳ ❚❤✆

✁❤✂❛t✆✄✆✞ ❞✂❞✝❧�❛✟t✡ ❞❤�✁✆✁ ☛�✝✁✆ � ☞✂❛✆ ❛�❞✟✞ ❛✆❧✆�✁✆ ✂♦

❛✆✁✂✝❛☛✆✁ t✂ t❤✆ ☛✂☞❞✆t✟t✂❛✁ �✄✞ t✂❞✟☛✁ ❛✟✁✆ ✝❞ ☞✂❛✆ ♦❛✆q✝✆✄t❧✡

✭❋✟☎✳ ✕♦✘✳ ❚❤✟✁ ☛✂❛❛✆✁❞✂✄✞✁ t✂ t❤✆ ✂❜✁✆❛✠�t✟✂✄✁ ✟✄ ❋✟☎✳ ✔☛ �✄✞

❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✳ ✗ ✭❙✝❞❞❧✆☞✆✄t�❛✡ ✄✂t✆ ✕ ♦✂❛ �✄ �✄�❧✡t✟☛

�❞❞❛✂❝✟☞�t✟✂✄ ✂♦ t❤✆ ♦❛✆q✝✆✄☛✡✘✳ ■☞❞✂❛t�✄t❧✡✌ ✄✂✄✆ ✂♦ t❤✆

☞✂✞✆❧➆✁ ✂t❤✆❛ ❞�❛�☞✆t✆❛✁ ❞❛✆✁✆❛✠✆✁ t❤✆ ❞✆�✍ ❤✆✟☎❤t✁ �✄✞

✁✟☞✝❧t�✄✆✂✝✁❧✡ ✟✄☛❛✆�✁✆✁ t❤✆ ✁❧✂❞✆✁ ✝✄✞✆❛ ✠�❛✟�t✟✂✄ �✁ r ✞✂✆✁✳

❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✝❛✆ ✔✒ ✁❤✂♣✁ t❤�t ✁❤✂❛t✆❛ ☞✆☞✂❛✡ ✭✟✄☛❛✆�✁✟✄☎

✆✘ ❧✆�✞✁ t✂ ❤✟☎❤✆❛ ❞✆�✍✁✌ ✁t❛✂✄☎✆❛ ☛✂☞❞✆t✟t✟✂✄ ✭❧�❛☎✆❛ ✟✘ ❧✂♣✆❛✁

t❤✆ ✂✠✆❛�❧❧ ☛✝❛✠✆✳ ❙✟☞✟❧�❛❧✡ �✄ ✟✄☛❛✆�✁✟✄☎ ✄✝☞❜✆❛ ✂♦ ✂✠✆❛�❧❧

✞✟✁☛✝✁✁✆✞ t✂❞✟☛✁ ✭❧�❛☎✆❛ ◆✘ ✞✆☛❛✆�✁✆ ✁❧✂❞✆✁ �✄✞ ❞✆�✍✁✳

❋✂❛ � ✠✟✁✝�❧ ☛✂☞❞�❛✟✁✂✄ ✂♦ ☞✂✞✆❧ �✄✞ ✞�t�✌ ♣✆ ✂✠✆❛❧�✡ t❤✆

✁❤�❞✆✁ ✂♦ t❤✆ ✞✟✁t❛✟❜✝t✟✂✄✁ ✂♦ ☎�✟✄✁✌ ❧✂✁✁✆✁ �✄✞ ☞�❝✟☞� ✟✄ ❋✟☎✳ ✕☎✌ ❤✳

❚❤✆ ✆❝☛✆❧❧✆✄t ✚t ✟✁ ☛✂✄✚❛☞✆✞ t❤❛✂✝☎❤ q✝�✄t✟t�t✟✠✆ ☞✆�✁✝❛✆✁ ✭✁✆✆

❙✝❞❞❧✆☞✆✄t�❛✡ ❚�❜❧✆ ✔✔✘ �✄✞ ✟✁ ❛✂❜✝✁t t✂ �❧t✆❛✄�t✟✠✆ ☞✆�✁✝❛✆✁✌

✁✝☛❤ �✁ t❤✆ ❧✂☎�❛✟t❤☞✟☛ ☛❤�✄☎✆✁ ✭✁✆✆ ❙✝❞❞❧✆☞✆✄t�❛✡ ❋✟☎✝❛✆ ✔✕✘✳

❚❤✝✁✌ ❜✡ ✚tt✟✄☎ � ✁✟✄☎❧✆ ☎❧✂❜�❧ ☛✂☞☞✝✄✟☛�t✟✂✄ ❛�t✆ ♣✆ �❛✆ �❜❧✆ t✂

☛�❞t✝❛✆ t❤✆ ☛❤�✄☎✟✄☎ ✞✟✁t❛✟❜✝t✟✂✄✁ ✂♦ ☎�✟✄✁✌ ❧✂✁✁✆✁✌ �✄✞ ❞✆�✍

❤✆✟☎❤t✁✌ ✁✟☞✝❧t�✄✆✂✝✁❧✡✳

❉✡✧☛★✧✧✡☞✌

❖✠✆❛ t❤✆ ❞�✁t ✞✆☛�✞✆✁✌ ☞�✄✡ ❞�❛t✁ ✂♦ ☞✂✞✆❛✄ ✁✂☛✟✆t✡ ❤�✠✆

❜✆☛✂☞✆ ✞✟☎✟t✟✣✆✞✌ ✆✄�❜❧✟✄☎ ❛✆✁✆�❛☛❤✆❛✁ t✂ ✁t✝✞✡ ❧✂✄☎✟t✝✞✟✄�❧

☛❤�✄☎✆✁ t✂ t❤✆ ✞✡✄�☞✟☛✁ ✂♦ ☛✂❧❧✆☛t✟✠✆ ❜✆❤�✠✟✂❛✳ ❲✆ ❤�✠✆ ♦✂☛✝✁✆✞

✂✄ ☛✂✄t✆✄t ✞✡✄�☞✟☛✁ ✂♦ ☛✝❧t✝❛�❧ ✟t✆☞✁✌ �✄✞ ✂✝❛ ❛✆✁✆�❛☛❤ ✁✝❞❞✂❛t✁

t❤✆ ☛✂☞☞✂✄ ✆❝❞✆❛✟✆✄☛✆✹✑ ✂♦ ✆✠✆❛ ♦�✁t✆❛ ✏✂♣✁ ✂♦ ☛✂❧❧✆☛t✟✠✆

�tt✆✄t✟✂✄✳ ❚❤✆ ✆☞❞✟❛✟☛�❧ ✚✄✞✟✄☎✁ ♣✆ ❞❛✆✁✆✄t �❛✆ ❛✆☞�❛✍�❜❧✡

❛✂❜✝✁t �☛❛✂✁✁ ☞�✄✡ ✞✂☞�✟✄✁ ✂♦ ❞✝❜❧✟☛ ✟✄t✆❛✆✁t✌ ☛✂✠✆❛✟✄☎ � ♣✟✞✆

❛�✄☎✆ ✂♦ ✞✟♦♦✆❛✆✄t t✟☞✆ ✁☛�❧✆✁✳ ❚❤✆✡ ❛✆✠✆�❧ ✁✟☎✄✟✚☛�✄t ☛❤�✄☎✆✁ ✟✄

t❤✆ ✁t�t✟✁t✟☛�❧ ❞❛✂❞✆❛t✟✆✁ ✂♦ ☛✂❧❧✆☛t✟✠✆ �tt✆✄t✟✂✄ ✞✡✄�☞✟☛✁✳ ❚❤✆

☎❛�✞✟✆✄t✁ ✂♦ ☛✂✄t✆✄t t❛�❩✆☛t✂❛✟✆✁ ❜✆☛✂☞✆ ✁t✆✆❞✆❛✌ ❜✝t t❤✆✟❛ ❞✆�✍✁

❛✆☞�✟✄ ❛✆❧�t✟✠✆❧✡ ✁t�❜❧✆✌ ☛�✝✁✟✄☎ ❞✆❛✟✂✞✁ ✂♦ ✟✄✞✟✠✟✞✝�❧ ❞✂❞✝❧�❛✟t✡

t✂ ❜✆☛✂☞✆ ✁❤✂❛t✆❛✳

❖✝❛ ☞✂✞✆❧✟✄☎ ✁✝☎☎✆✁t✁ t❤�t ✁❤✂❛t✆❛ �tt✆✄t✟✂✄ ☛✡☛❧✆✁ �❛✆ ☞�✟✄❧✡

✞❛✟✠✆✄ ❜✡ ✟✄☛❛✆�✁✟✄☎ ✟✄♦✂❛☞�t✟✂✄ ✏✂♣✁✌ ❛✆❞❛✆✁✆✄t✆✞ �✁ ☛✂✄t✆✄t

❞❛✂✞✝☛t✟✂✄ �✄✞ ☛✂✄✁✝☞❞t✟✂✄ ❛�t✆✁✳ ❆✁ ✟✄✏✝❝ ✟✄☛❛✆�✁✆✁✌ ✟✄✞✟✠✟✞✝�❧

t✂❞✟☛✁ �❛✆ �✞✂❞t✆✞ ☞✂❛✆ ❛�❞✟✞❧✡✌ ❧✆�✞✟✄☎ t✂ ✁t✆✆❞✆❛ ❛✟✁✆✁ ✟✄ ☛✂❧❧✆☛✎

t✟✠✆ �tt✆✄t✟✂✄ ♣✟t❤ t❤✆ ✁✆❧♦✎✟✄❤✟❜✟t✂❛✡ ✆♦♦✆☛t✁ ✂♦ ✁�t✝❛�t✟✂✄ ❛✆✁✝❧t✟✄☎

✟✄ �✄ ✆q✝�❧❧✡ ✁t✆✆❞✆✄✟✄☎ ✞✂♣✄♦�❧❧✳ ❚❤✝✁✌ ✟✄ ✂✝❛ ☞✂✞✆❧✟✄☎ ♦❛�☞✆✎

♣✂❛✍✌ ❞❛✂✞✝☛✟✄☎ �✄✞ ☛✂✄✁✝☞✟✄☎ ☞✂❛✆ ☛✂✄t✆✄t ❛✆✁✝❧t✁ ✟✄ ✁❤✂❛t✆✄✟✄☎

✂♦ �tt✆✄t✟✂✄ ✁❞�✄✁ ♦✂❛ ✟✄✞✟✠✟✞✝�❧ t✂❞✟☛✁ �✄✞ ❤✟☎❤✆❛ t✝❛✄✂✠✆❛ ❛�t✆✁

❜✆t♣✆✆✄ ❞✂❞✝❧�❛ ☛✝❧t✝❛�❧ ✟t✆☞✁✳ ■✄ ✂t❤✆❛ ♣✂❛✞✁✌ t❤✆ ✆✠✆❛✎❞❛✆✁✆✄t

☛✂☞❞✆t✟t✟✂✄ ♦✂❛ ❛✆☛✆✄☛✡ �✄✞ t❤✆ �❜✝✄✞�✄☛✆ ✂♦ ✟✄♦✂❛☞�t✟✂✄ ❧✆�✞✁

t✂ t❤✆ ✁q✝✆✆✣✟✄☎ ✂♦ ☞✂❛✆ t✂❞✟☛✁ ✟✄ t❤✆ ✁�☞✆ t✟☞✆ ✟✄t✆❛✠�❧✁ �✁ t❤✆

❛✆✁✝❧t ✂♦ ❧✟☞✟t�t✟✂✄✁ ✂♦ t❤✆ �✠�✟❧�❜❧✆ ☛✂❧❧✆☛t✟✠✆ �tt✆✄t✟✂✄✶✶✳

❆ q✝�✄t✟t�t✟✠✆ ✝✄✞✆❛✁t�✄✞✟✄☎ ✂♦ t❤✆ ♦�☛t✂❛✁ ❜✆❤✟✄✞ t❤✆ �☛☛✆❧✎

✆❛�t✟✂✄ ✂♦ �❧❧✂☛�t✟✂✄ ✂♦ ☛✂❧❧✆☛t✟✠✆ �tt✆✄t✟✂✄ ❤�✁ t❤✆ ❞✂t✆✄t✟�❧ t✂

☞✟t✟☎�t✆ ✄✆☎�t✟✠✆ ✞✆✠✆❧✂❞☞✆✄t✁ ✟✄ ☞✂✞✆❛✄ ☛✂☞☞✝✄✟☛�t✟✂✄ ✁✡✁✎

t✆☞✁ ☛�✝✁✆✞ ❜✡ ✟✄✏�t✟✂✄�❛✡ ✟✄♦✂❛☞�t✟✂✄ ✏✂♣✁✳ ❲✆ ✆❝❞✆☛t t❤✆✁✆

✟✄✁✟☎❤t✁ ♣✟❧❧ ✁❞�❛✍ ❛✆✁✆�❛☛❤ ✟✄t✂ t❤✆ ✟✄t✆❛❞❧�✡ ❜✆t♣✆✆✄ ✁✂☛✟�❧

�☛☛✆❧✆❛�t✟✂✄ �✄✞ t❤✆ ♦❛�☎☞✆✄t�t✟✂✄ ✂♦ ❞✝❜❧✟☛ ✞✟✁☛✂✝❛✁✆ �✄✞ ✟t✁

❞✂t✆✄t✟�❧❧✡ ✄✆☎�t✟✠✆ ☛✂✄✁✆q✝✆✄☛✆✁✹✶➊✹✸✳

▼✦✪✍☞✎✧
✏✑✒✓✔✓✐✕✖ ✕❛✕✖✗✘✓✘✳ ■♥ ♦✙✚✛✙ ✜♦ ♠✛✢✣✤✙✛ ✜✥✛ ✢✦✦✛✧✛✙✢✜★♦♥ ★♥ ♦✤✙ ✚★❞✛✙✣✛ ✛♥✣✛♠✩✧✛✣
♦✪ ✜✙✢✫✛✦✜♦✙★✛✣✬ ✇✛ ✤✣✛ ✣✜✢✜★✣✜★✦✢✧ ♠✛✜✥♦✚✣ ✭✛✳✮✳✬ ✛♥✣✛♠✩✧✛ ✢❞✛✙✢✮✛✣✯ ✢✣ ✢ ✙♦✤✮✥
✛✣✜★♠✢✜✛✬ ✢♥✚ ✜✥✛ ✚★✣✜✙★✩✤✜★♦♥✣ ♦✪ ❞✢✙★♦✤✣ ♦✩✣✛✙❞✢✩✧✛✣ ✪♦✙ ✢ ♠♦✙✛ ✚✛✜✢★✧✛✚ ✰★✦✜✤✙✛✳
●✛♥✛✙✢✧✧✱✬ ✇✛ ✢♥✢✧✱✲✛ ✮✙♦✤✰✣ ♦✪ ✜✥✛ ♠♦✣✜ ✰♦✰✤✧✢✙ ★✜✛♠✣✬ ✩✛✦✢✤✣✛ ✇✛ ✢★♠ ✜♦ ♦✩✣✛✙❞✛
✜♦✰★✦✣ ✜✥✢✜ ✙✛✢✦✥ ✣♦✦★✛✜✢✧❝✣✦✢✧✛ ✢✇✢✙✛♥✛✣✣ ✢♥✚ ✢❞♦★✚ ✣♠✢✧✧ ✢♥✚ ✥✛✜✛✙♦✮✛♥✛♦✤✣
✣✤✩✮✙♦✤✰✣✳ ❚✥★✣ ✦✥♦★✦✛ ✢✧✧♦✇✣ ✤✣ ✜♦ ✤✣✛ ✢ ✇✛✧✧❝♠★✴✛✚ ♠♦✚✛✧★♥✮ ✢✰✰✙♦✢✦✥✬ ✇★✜✥♦✤✜
✜✥✛ ♥✛✛✚ ✜♦ ✢✦✦♦✤♥✜ ✪♦✙ ✰♦✣✣★✩✧✱ ✦♦♠✰✧✛✴ ♥✛✜✇♦✙✵ ✣✜✙✤✦✜✤✙✛✣ ★♥ ✜✥✛ ♦♥✣✛✜ ♦✪ ✧✛✣✣✛✙
✵♥♦✇♥ ✜♦✰★✦✣✳ ❚✥★✣ ✦✥♦★✦✛ ✢✧✣♦ ✢✣✣✤✙✛✣ ✢ ✦♦♥✣✜✢♥✜ ♥✤♠✩✛✙ ♦✪ ✰✢✙✢✧✧✛✧ ✛❞✛♥✜✣ ★♥ ✛✢✦✥
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a b c

d e f

Supplementary Figure 1: Average trajectories around a maximum for different top groups on
Twitter: (2013-2016) a Top 10 hashtags of every hour b Top 20 hashtags of every hour c Top 30
hashtags of every hour.d Relative top group: Top 0.1% hashtags of every hour and e top 0.5% of
all hashtags. f Threshold top group: Hashtags that have been used more than 500 times in every
hour.
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Supplementary Figure 2: Testing candidate distribution functions: Comparison of different
probability density function, which are fitted to the empirical data, for all the datasets under inves-
tigation (a-g as given in the legend). The log-normal distribution has the lowest residual sum of
squares across the datasets and is marked with the thick red line. Other good candidates are the
Fisk, the Weibull and the Pareto distribution.
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a b c
Twitter Books GoogleMovies

d

Supplementary Figure 7: Average inter-event times: The corresponding average times 〈τ〉 be-
tween the events that are shown in 6 and Figure 1b. a Twitter, b Google Books, c Movies, d
Google Trends, e Reddit, f Citations and g Wikipedia.
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a b c

Supplementary Figure 12: Variation of the other parameters: The average trajectories of the
original simulation (α = 0.005, c = 2.4, r = 12.0 and N=300, in black) compared to the results
under variation of one parameter at a time: a Shorter memory α = 0.01 b Stronger competition
c = 3.4 c Higher number of competitors N = 400. In none of the cases the observed developments
of stable peak heights with increasing slopes can be reproduced.
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Source Timespan Popularity proxy Li(t) Res. Origin

Twitter 2013-2016 hashtag occurrence daily twitter.com
Books 1870-2004 1- to 5-gram counts/book yearly books.google.com/ngrams
Movies 1980-2018 weekly gross per theater weekly boxofficemojo.com
Google 2010-2017 searches/max(searches) weekly trends.google.com
Reddit 2010-2015 comment counts per post daily reddit.com
Publications 1990-2015 citation counts per paper monthly journals.aps.org
Wikipedia 2012-2017 page views per article daily dumps.wikimedia.org/

other/pagecounts-ez/

Supplementary Table 1: The datasets: Table of data sources, observation time, the proxy
used to measure popularity dynamics, and their origin.
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Source Sampling Sample size

Twitter Top 50 of each hour, 25031 (2013), 31012 (2014),
sorted by hourly volume 32945 (2015), 36703 (2016)

Books Top 1000 of each year, 6900 (1870-1890), 9850 (1900-1920),
sorted by relative yearly volume 11120 (1930-1950), 11700 (1950-1970),

13100 (1970-1990), 12000 (1990-2004)

Movies Popular movies of each week, 145 (1980-1985), 301 (1985-1990), 387 (1990-1995),
sorted by box-office sales 466 (1995-2000), 714 (2000-2005), 958 (2005-2010),

1012 (2010-2015), 688 (2015-2018)

Google Top 20 of each month, 156 (2010), 201 (2011),
sorted by total queries 187 (2012), 240 (2013), 275 (2014),

285 (2015), 284 (2016), 295 (2017)

Reddit Top 1000 of each month, 6470 (2010), 7848 (2011), 9739 (2012),
sorted by accumulated comments 10358 (2013), 10420 (2014), 10708 (2015)

Publications More than 15 citations, 482 (1990-1995), 906 (1995-2000), 1608 (2000-2005),
once in the observation window 2154 (2005-2010), 2187 (2010-2015)

Wikipedia Top 100 of every hour, 117623 (2012), 118375 (2013), 144970 (2014),
sorted by traffic per article 158752 (2015), 141032 (2016), 138031 (2017)

Supplementary Table 2: Sample sizes from top-lists: Sampling methods for popular
items in the different datasets and the resulting sampling sizes N for the various observa-
tion windows.
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Distribution Twitter Books Movies Google Reddit Publ. Wikipedia

exponential 0.30 0.24 0.15 0.25 0.29 0.30 0.11
powerlaw 0.45 0.43 0.44 0.43 0.29 0.38 0.34
lognormal 0.02 0.04 0.02 0.04 0.05 0.03 0.03
Cauchy 0.27 0.23 0.20 0.23 0.28 0.22 0.20
normal 0.46 0.36 0.37 0.35 0.29 0.46 0.24
gamma 0.99 0.95 0.94 0.69 0.68 0.99 0.22
Pareto 0.06 0.07 0.05 0.05 0.07 0.18 0.08
logistic 0.33 0.28 0.25 0.29 0.29 0.34 0.22
uniform 0.98 0.95 0.94 0.89 0.77 0.98 0.76
Fisk 0.02 0.03 0.02 0.04 0.08 0.02 0.03
Weibull 0.05 0.09 0.07 0.15 0.10 0.08 0.08
truncated powerlaw 0.42 0.41 0.44 0.44 0.34 0.34 0.38

Supplementary Table 3: Goodness of fit for various candidate distributions: The dis-
tributions shown in Supplementary Figure 1 and the KS-statistics values for each dataset
as a quantification of the quality of the fit. The log-normal has the lowest average value
of 0.033 and by that represent the best suited distribution of this set of functions from
descriptive statistics to fit our data. The Fisk, Weibull and Pareto distributions fit most of
the data also very well.
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2013 2014 2015 2016

σ 1.96 1.97 2.03 2.11
µ -1.91 -1.53 -1.02 -0.966
KS-statistics 0.018 0.027 0.024 0.015
p-value 0.22 0.01 0.03 0.43

Supplementary Table 4: Fitted parameters for the Twitter dataset: σ and µ are param-
eters of the log-normal distribution P (x) = 1/(xσ

√
2π) exp [−(ln x− µ)2/(2σ2)]. They are

used as fitting parameters to minimize the KS-distance to the empirical distribution. The
corresponding KS-statistics and p-values to each fit are listed below.
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1870-1890 1900-1920 1930-1950 1950-1970 1970-1990 1990-2010

σ 1.47 1.50 1.50 1.6 1.65 1.57
µ -0.35 -0.17 0.084 0.17 0.38 0.18
KS-statistics 0.054 0.10 0.11 0.079 0.054 0.039
p-value 0.0 0.0 0.0 0.0 0.0 0.0

Supplementary Table 5: Fitted parameters for the Google Books dataset: σ and µ
are parameters of the log-normal distribution P (x) = 1/(xσ

√
2π) exp [−(ln x− µ)2/(2σ2)].

They are used as fitting parameters to minimize the KS-distance to the empirical distribu-
tion. The corresponding KS-statistics and p-values to each fit are listed below.
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80-85 85-90 90-95 95-00 00-05 05-10 10-15 15-18

σ 0.92 0.78 0.81 1.01 1.03 1.15 1.20 1.19
µ -0.01 -0.033 -0.035 -0.01 -0.007 -0.006 -0.005 -0.008
KS-statistics 0.04 0.04 0.04 0.04 0.03 0.02 0.03 0.02
p-value 0.3 0.2 0.04 0.007 0.002 0.05 0.004 0.03

Supplementary Table 6: Fitted parameters for the Movie box-office dataset: σ and µ
are parameters of the log-normal distribution P (x) = 1/(xσ

√
2π) exp [−(ln x− µ)2/(2σ2)].

They are used as fitting parameters to minimize the KS-distance to the empirical distribu-
tion. The corresponding KS-statistics and p-values to each fit are listed below.
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2010 2011 2012 2013 2014 2015 2016 2017

σ 1.28 1.29 1.26 1.29 1.29 1.35 1.43 1.44
µ -1.9 -1.8 -1.8 -1.8 -1.7 -1.7 -1.6 -1.6
KS-statistics 0.057 0.059 0.060 0.062 0.057 0.038 0.046 0.043
p-value 1.7e-6 1.4e-9 1.5e-9 1.9e-11 1.7e-10 1.0e-5 7.8e-7 3.7e-7

Supplementary Table 7: Fitted parameters for the Google Trends dataset: σ and µ
are parameters of the log-normal distribution P (x) = 1/(xσ

√
2π) exp [−(ln x− µ)2/(2σ2)].

They are used as fitting parameters to minimize the KS-distance to the empirical distribu-
tion. The corresponding KS-statistics and p-values to each fit are listed below.
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2010 2011 2012 2013 2014 2015

σ 1.27 1.35 1.41 1.57 1.55 1.63
µ 1.36 1.57 1.91 2.01 2.00 1.90
KS-statistics 0.052 0.047 0.045 0.048 0.042 0.050
p-value 0.003 0.008 0.006 0.001 0.010 0.001

Supplementary Table 8: Fitted parameters for the Reddit dataset: σ and µ are param-
eters of the log-normal distribution P (x) = 1/(xσ

√
2π) exp [−(ln x− µ)2/(2σ2)]. They are

used as fitting parameters to minimize the KS-distance to the empirical distribution. The
corresponding KS-statistics and p-values to each fit are listed below.
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1990-1995 1995-2000 2005-2010 2010-2015 2015-2018

σ 0.98 1.01 1.10 1.32 1.58
µ 0.21 0.22 0.22 0.23 0.23
KS-statistics 0.056 0.036 0.032 0.038 0.029
p-value 0.04 0.01 0.001 0.00 0.0001

Supplementary Table 9: Fitted parameters for the publications dataset: σ and µ
are parameters of the log-normal distribution P (x) = 1/(xσ

√
2π) exp [−(ln x− µ)2/(2σ2)].

They are used as fitting parameters to minimize the KS-distance to the empirical distribu-
tion. The corresponding KS-statistics and p-values to each fit are listed below.
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2012 2013 2014 2015 2016 2017

σ 1.42 1.42 1.45 1.43 1.42 1.41
µ 0.11 0.10 0.12 0.12 0.13 0.13
KS-statistics 0.027 0.026 0.029 0.028 0.027 0.025
p-value 0.0 0.0 0.0 0.0 0.0 0.0

Supplementary Table 10: Fitted parameters for the Wikipedia dataset: σ and µ are pa-
rameters of the log-normal distribution P (x) = 1/(xσ

√
2π) exp [−(ln x− µ)2/(2σ2)]. They

are used as fitting parameters to minimize the KS-distance to the empirical distribution.
The corresponding KS-statistics and p-values to each fit are listed below.
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Distribution Year Parameters KS-Statistics p-value

P (∆L
(g)
i /Li) 2016 α = 0.005, c = 2.4, r = 12.0 0.01 0.85

P (∆L(l)
i /Li) 2016 α = 0.005, c = 2.4, r = 12.0 0.07 0.00005

P (∆L
(g)
i /Li) 2015 α = 0.005, c = 2.4, r = 11.0 0.03 0.003

P (∆L(l)
i /Li) 2015 α = 0.005, c = 2.4, r = 11.0 0.03 0.01

P (∆L
(g)
i /Li) 2014 α = 0.005, c = 2.4, r = 10.0 0.05 0.0004

P (∆L(l)
i /Li) 2014 α = 0.005, c = 2.4, r = 10.0 0.08 0.0

P (∆L
(g)
i /Li) 2013 α = 0.005, c = 2.4, r = 9.0 0.11 0.0

P (∆L(l)
i /Li) 2013 α = 0.005, c = 2.4, r = 9.0 0.12 0.0

Supplementary Table 11: Goodness of the simulation: Values from the Kolmorogov-
Smirnov test for comparing two samples, one empirical from Twitter the other one from
the simulation of the proposed model. The simulation meets the empirical distribution
from Twitter very well even when only r is varied.
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Supplementary note 1. The described developments of increasing relative gains and losses is
not clearly pronounced for the datasets about scientific publications and Wikipedia (Figures 2 and
Supplementary Figures 2-7). Only in the tails of the distributions is a small development towards
higher values detectable (Supplementary Figures 3 and 4). In Supplementary Figures 6 and 7 an
increase of extreme events is shown, but this corresponds only to the outer most events in the dis-
tributions, while the largest part stays very stable. There are two possible explanations for this:
The systems change on even longer time scales than we investigated here and if we increased the
window of data collection, we could see a more pronounced change. On the contrary, the more
likely reason is that these systems follow mechanisms that are different from the other datasets in
this work. We intentionally focus on areas which are pop-culture driven, where the increasing com-
munication rates and especially the concept of boringness play a specifically big role. In these two
systems knowledge is communicated, rather than news or entertainment being consumed. The bot-
tleneck in these systems might not be the pure rate of information transfer and other mechanisms,
than our simple model incorporates, govern their dynamics. In these systems other parameters
could have changed such as the competition among scientist or their dynamics is mostly governed
by external factors (22, 36). For the same reason the log-normal fit as well as our simulations do
not match very well. Generally most systems are additionally exogenously driven and for a more
realistic simulation one might have to combine endogenous and exogenous mechanisms, e.g. by
adding an random external drive to the proposed model.
Nevertheless there are small hints to the same direction of acceleration as in the other datasets, but
we are not capturing them fully, either by missing other important systemic mechanisms or by too
narrow observation windows.
In the Wikipedia dataset we observe another difference to the other observations, the decreasing
heights of maximal traffic on the articles in the inset of Figure 2g. Our interpretation of this is that
the effects of proportional growth due to imitation is not the strongest driving force on Wikipedia,
which makes the traffic less concentrated in the top group and a growing N causes a broadening
of its allocation and the lowering of the maxima (as in Supplementary Figure 12c).

Supplementary note 2. To better understand the behavior of the model, we can show numeri-
cally how the boringness added to the existing Lotka-Volterra equations drives the system towards
criticality. The competitive Lotka-Volterra equations

dLi(t)

dt
= riLi(t)

(
1− Li

K
− c

N∑

j=1,j 6=i

aijLj(t)

)
, (1)

can lead to chaotic behavior, if the following parameter set is used (31):

ri =




1.0
0.72
1.53
1.27


 , aij =




1.0 1.09 1.52 0
0 1.0 0.44 1.36

2.33 0 1.0 0.47
1.21 0.51 0.35 1.0


 (2)
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and K = 1.0. Supplementary Figures 9a-c show the three distinct dynamical regimes. The global
coupling parameter c in Eq. (11) is increased from 0.3 to 3.0. Besides coexistence and dominance
for small and large values of c respectively, for c = 1.0 the system is at the critical point and shows
chaotic dynamics (31). Adding the boringness term yields

dLi(t)

dt
= riLi(t)

(
1− rc

K

∫ t

0

e−α(t−t′)Li(t
′)dt′ − c

N∑

j=1,j 6=i

aijLj(t)

)
, (3)

with K = rc = 1.0. Then, the critical behavior can be observed in all three parameter regimes
(Figures S9d-f). The two states, coexistence and dominance of a single topic are constantly driven
towards each other, where imitation prevents coexistence and boringness does not allow the domi-
nance of a single topic. This can possibly explain the broad distributions resulting in systems that
undergo self-organized criticality and is subject of future research.

Supplementary note 3. The simplistic nature of the model makes the eigenvalue of the Jacobian
matrix of Eqs. (1)-(2) with just two competing topics (N = 2, rc = 1 and K = 1) analytically
tractable. For the class of systems that a setup of just two competing topics falls into, it has
been shown that they can undergo a Hopf bifurcation towards self-sustained oscillations (32). The
minimal system

dL1(t)

dt
= rL1(t) (1− Y1(t)− cL2(t)) (4)

dY1(t)

dt
= L1(t)− αY1(t) (5)

dL2(t)

dt
= rL2(t) (1− Y2(t)− cL1(t)) (6)

dY2(t)

dt
= L2(t)− αY2(t) (7)

has a fixed point (L∗
1 = α

1+αc
= L∗

2), where we can evaluate the Jacobian matrix and compute the
relevant eigenvalue

λ =
1

2(1 + αc)

(
−α− α2c+ αcr +

√
(−α− α2c+ αcr)2 + 4(−αr + α3c2r)

)
. (8)

This can be further approximated by dropping quadratic terms of α (which is chosen to be small)

λ ≈ 1

2(1 + αc)

(
−α + αcr + 2i

√
αr
)
. (9)

Near the fixed point its imaginary part gives an estimate for the relation of the rate r to the fre-
quency of oscillating topics by

Im(λ) ∼
√
αr

1 + αc
. (10)

This relationship shows the positive proportionality of the frequency to the rate r, which we can
also observe in the simulation of the full system.

27



Algorithmic Detection and Analysis of
Vaccine-Denialist Sentiment Clusters in Social Networks

Bjarke Mønsteda, Sune Lehmanna,∗

a Technical University of Denmark, Applied Mathematics and Computer Science, 2800
Lyngby, Denmark

Abstract

Vaccination rates are decreasing in many areas of the world, and outbreaks of

preventable diseases tend to follow in areas with particular low rates. Much

research has been devoted to improving our understanding of the motivations

behind vaccination decisions and the effects of various types of information

offered to skeptics, no large-scale study of the structure of online vaccination

discourse have been conducted.

Here, we offer an approach to quantitatively study the vaccine discourse in

an online system, exemplified by Twitter. We use train a deep neural network

to predict tweet vaccine sentiments, surpassing state-of-the-art performance, at-

taining two-class accuracy of 90.4%, and a three-class F1 of 0.762. We identify

profiles which consistently produce strongly anti- and pro-vaccine content. We

find that strongly anti-vaccine profiles primarily post links to Youtube, and

commercial sites that make money on selling alternative health products, repre-

senting a conflict of interest. We also visualize the network of repeated mutual

interactions of actors in the vaccine discourse and find that it is highly stratified,

with an assortativity coefficient of r = .813.
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1. Introduction

The effectiveness of vaccinations is highly dependent on a reliably high im-

munization rate in the populace. For example, the effort to eradicate measles

in the US was slowed in the late 1980’s and early 1990’s due to declining im-

munization rates, and studies have linked sporadic outbreaks following the 2000

eradication of endemic measles to deliberately under- or un-vaccinated individ-

uals (Phadke et al. (2016)).

There are indications the recent and current outbreaks are tied only in part

to low overall vaccination rates, which have been relatively stable (National

Center for Health Statistics (2016)), but also in part to local phenomena. For

example high numbers of non-medical exemptions (NMEs) from vaccination

schedules have been linked to outbreaks on a local (Smith et al. (2004); Atwell

et al. (2013)) and state level (Omer et al. (2006)).

This may be part in due to the differences between NME policies in various

states, as evidenced by increased morbidity of preventable diseases in states with

high NME rates (Omer et al. (2006)), and among children with NMEs (Salmon

et al. (1999); Feikin et al. (2000)). However outbreaks of preventable diseases

have also been linked to areas in which vaccine skeptics, colloquially known

as ‘antivaxxers’ have led intense campaigns (Hall et al. (2017)). In addition

to purely empirical data, theoretical models and computer simulations have

shown that interplay between awareness and disease dynamics can alter the

epidemiological threshold for a disease (Granell et al. (2013); Pananos et al.

(2017)).

While typical misconceptions regarding vaccines are readily debunked in

the literature (DeStefano et al. (2019); Hviid et al. (2019)), simply presenting

antivaxxers with this tends to further entrench their position (Kahan et al.

(2010)). However, many parents who interact with health care professionals are

more likely to vaccinate (Smith et al. (2006)). The motives for avoiding vaccines

are typically diverse (Helps et al. (2019); Kata (2010)), and there are calls for

increased communications with those skeptical of vaccination (Diekema (2005))

2



to address these.

This highlights need for a better understanding of typical narratives in the

vaccination debate, and of the structures through which not only infectious

disease, but also information regarding the disease and preventative measures.

2. Results

The present section contains the results of a few different analyses. We

classified tweets containing keywords related to vaccination in the period 2013 to

2019 using a deep neural network. The materials and methods section contains

details on the data and classifier. From the classified tweets we identified profiles

that consistently produced content expressing opposition to, and support of,

vaccination. We refer to these as anti- and pro-vaxx profiles. We investigate

the interplay between user-level vaccine sentiments various behavioural patterns

such as post frequency, network/community structure, etc.

External links (URLs)

We searched for external links posted in tweets containing vaccination-related

keywords in the period spanning from February 2015 to May 2019. We con-

verted each link to a ‘base-url’, for example converting https://www.youtube.

com/watch?v=thHprH4G8k8 into youtube.com.

We found the top 10 such base URLs for both anti- and pro-vaxxers. This

resulted in 18 unique base URLs as Youtube and Facebook links were present

in both top 10 sets. The frequency at which each of the 18 sources where linked

to in both profile categories, is shown in fig. 1.

To gain an understanding of this more broadly, we extracted the top 20

links for each profile category for the entire period, an assigned categories such

as ’science’, ’news’, etc. to each base URL. Some URLs were assigned multi-

ple categories - for example sciencedaily.com was labeled as both ’science’ and

’news’. If a products were sold on a site, it was labeled as ’commercial’. An

overview of the assigned categories is shown in the Materials and Methods sec-

tion.
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youtube.com
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healthimpactnews.com

newspunch.com
worldtruth.tv

vaccineimpact.com
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Figure 1: The top 10 most linked to domains by strongly antivaxx and provaxx profiles. Bar

length shows percentage of the total number of links shared by profiles in the given category

and hence do not sum to 100. For each domain, the red bars going right represent antivaxxers

and blue bars going left provaxxers. Antivaxxers rely heavily on links to Youtube, and the

page ’natural news’, which promulgates pseudoscience and sells products related to health

and nutrition. Provaxxers link to a wide array of news and science sites, which is why a lower

overall percentage of their links are contained in the top 10.

We found that, across the time period, links to Youtube and commercial sites

represented the majority of the common links by antivaxxers, with conspiracy

sites occasionally gaining popularity. In contrast, news sites where by far the

most common for provaxxers. This is visualized in fig. 2.

Activity

Analyzing the frequency of contributions from anti- and provaxx profiles, we

found a power law-like distribution for both groups, see fig. 3, with more active

profile being responsible for a disproportionately large quantity of tweets.

This effect is more pronounced for antivaxxers, where 3.75% of profiles gener-

ate 50% of the content, compared with 9.16% for provaxxers. Figure 4 compares

activity skewness for the two groups with Lorenz curves.
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Figure 2: Frequency of various categories of links for a antivaxx and b provaxx profiles.

In order to analyze the dynamics of the vaccination debate, we first construct

a network of reciprocal interactions on Twitter in the time period from late 2013

to late 2016 (details in methods section). We refer to this network as the MMR

graph, for mutual mentions/retweets, as nodes in the graph are connected only

if the users represented by the nodes have both mentioned or retweeted each

other. The MMR graph exhibits a stretched exponential degree distribution,

and edges show a temporal self-similarity that gradually diminishes with time,

see fig. 5.

Network-based Analysis

To investigate possible network phenomena, constructed a graph represent-

ing mutual interactions from a dataset containing a random 10% sample of

tweets from late 2013 to late 2016 (Liu et al. (2014)). Nodes in the graph

represent Twitter profiles, and nodes are connected only if both profiles have

interacted with the other by mentioning, replying to, or retweeting them. There-

fore, we refer to this as the mutual mentions and reply/retweet graph, or simply

the MMR graph.
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Figure 3: Interplay between vaccine sentiment and profile activity. The distribution of pro-

file activities appears to follow a power law for both a anti- and b provaxx profiles. Color

denotes the median anti/provaxx probability of vaccination-related tweets profiles with the

given number of vaccine-related tweets. Profiles at the more active end of the spectrum seem

to more commonly express extreme sentiment, but this might be due to the higher variance

caused by dots representing fewer users.

We constructed MMR graphs for timeslices of 3 months, starting with Septem-

ber through November of 2013 and ending with the same months in 2016. Com-

paring the graph at different timeslices, it exhibits a self-similarity which de-

creases in time to almost nothing after 3 years, shown in fig. 5. Then degree

distribution of the graph aggregated over all time windows is a stretched expo-

nential (Weibull) distribution, also shown in fig. 5.

We then generated a subgraph of the MMR graph representing representing

repeated mutual interaction of profiels expressing strong sentiments regarding

vaccines. We did this by aggregating the graph, and keeping only nodes labelled

as anti/provaxx, and links that occurred in at least 2 time windows, and then

keeping only the giant connected component of the resulting graph.

The resulting graph contains 3359 nodes, of which 395 (11.76%) represent

antivaxxers. The graph is heavily stratified, with an assortativity coefficient of

r = 0.813.

We generated a layout for the graph using the force layout algorithm (Jacomy
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Figure 4: Lorenz curves and Gini coefficients g for the two groups of profiles. The contributions

of antivaxx users are more skewed in the sense that high-activity profiles contribute a more

disproportionate amount of the content generated by antivaxx profiles.

et al. (2014)), the result of which is shown in fig. 6. The high degree of homophily

is clearly visible in the graph.
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Figure 5: a: The degree distribution of the MMR graph, truncated at degree 500 to exclude

automated profiles. The dashed line indicates the best fit for a stretched exponential function.

b: The Jaccard similarity index of the sets of edges in the MMR graph for different 3-month

periods.

Figure 6: Representation of the repeated mutual interaction graph from 2013-2016.
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Materials and methods.

This section provides details of the data analyzed and the methods employed.

Twitter data

Our initial Twitter dataset consisted of a large collection (approximately 60

billion) of tweets, collected by Alan Mislove of Northeastern University (Helps

et al. (2019)). To collect additional data, we set up a stream listener using the

tweepy module in Python. This listened for the following vaccination-related

keywords: ”unvaccinated”, ”unvaccined”, ”vaccinate”, ”vaccinated”, ”vacci-

nating”, ”vaccination”, ”vaccinations”, ”vaccinator”, ”vaccinators”, ”vaccine”,

”vaccined”, ”vaccinering”, ”vaccines”, ”vaccinology”, ”vaxx”.

In addition, we used Python to paginate backwards through the official

search API for tweets matching either of the keywords. When a match oc-

curred, the tweet was analyzed and saved to a database. The analysis involved

evaluating the sentiment expressed by the tweet (details in the subsequent sec-

tion), location analysis, and link following.

Location analysis followed a three-tiered approach:

• If the tweet’s metadata contained raw coordinates (lattitude and longi-

tude), those where used to directly obtain the location.

• If not, we extracted the ’location string’ form the tweet aand tried two

approaches, as follows:

We first passed the location string to an openstreetmap based geoco-

der in Python.

If this failed, we compared the string with a repository obtained from

the aforementioned Twitter data. From those data, we had a mapping

from such strings unto a maximum likelihood estimation of the probability

of locations in terms of US county (FIPS) codes. From that we obtained

a probability distribution over state codes and saved that.
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Many links posted to Twitter are shortened by external URL shorteners. To

remedy this, we used Python to recursively follow redirects of each link until

it resolved, timed out, or a loop was detected. As this process easily becomes

input/output bottlenecked (link following took much longer than the typical

time between two tweets being posted), we used a parallel approach where

tweets were sent to a multiprocess pool as they were received, allowing us to

crawl many links in parallel.

The links we analysed were categorized as shown in the following:

• commercial articles.mercola.com, go.thetruthaboutvaccines.com,

greenmedinfo.com, healthimpactnews.com, healthnutnews.com,

infowars.com, naturalnews.com, newstarget.com, vaccineimpact.

com

• conspiracy awarenessact.com, newspunch.com, newstarget.com,

therealstrategy.com, worldtruth.tv

• news bbc.co.uk, bbc.com, bioportfolio.com, cbc.ca, choice.

npr.org, cnn.com, edition.cnn.com, forbes.com, foxnews.com,

huffingtonpost.com, medicalnewstoday.com, nbcnews.com, nytimes.

com, reuters.com, sciencedaily.com, statnews.com, theguardian.

com, time.com, whitehouse.gov

• pseudoscience collective-evolution.com, inshapetoday.com,

realfarmacy.com, seattleorganicrestaurants.com

• science bioportfolio.com, cdc.gov, medicalnewstoday.com,

sciencedaily.com, statnews.com, webmd.com

• social facebook.com, instagram.com, reddit.com

• youtube youtube.com

Classification

We trained a deep neural network to classify tweets as anti-vaccine, pro-

vaccine, or neutral/unrelated, using a transfer learning approach. This ap-
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proach consists of first training a complex model to a large source dataset, then

stripping off the layer of output neurons and using the output of the next last,

representation, layer in conjunction with another model to predict the desired

target dataset. This sometimes increases model performance, as it allows one

to ’reuse’ higher-order representations of the input data learned by the original

classifier.

for the target data, we hired workers on Amazon’s Mechanican Turk (MTurk)

platform to classify tweets as being either for, or agains human vaccination, or

as undecideable or unrelated. To ensure high-quality ratings, we first manually

rated 100 tweets, then hired a number of workers for a test assignment which

clearly stated that top performers would receive offers for additional tasks. The

payment was set to be very high compared to typical MTurk to provide incentive

for good performance. We then identified top performers whose scores where

most similar to our own, and launched the remaining tasks, allowing only the

identified workers to participate. We hired them to label 10, 000 tweets with 3

raters pr tweet. We then kept only the tweets for which all 3 raters agreed on

a label, which reduced the data set to 5358, the distribution of labels in which

was 18.8% antivaxx, 45.67% provaxx, and 35.50% neutral/unrelated.

As the source dataset, we chose to train the classifier to predict a number

of hashtags which we presumed to be related to the sentiment prediction task.

From an initial qualitative analysis of the data, and from a brief review of the

literature, we noted that

• Anti-vaccine narratives occasionally supposes underlying conspiracies, as

represented by hashtags such as #cdctruth, or #cdcwhistleblower.

• Many tweets that that mention vaccine-related keywords are not concerned

with vaccination of humans, but rather of pets. To help the classifier

disambiguate, we included hashtags such as #dog and #cat.

• There is a relatively popular indie rock band called The Vaccines. To help

disambiguate, we included hashtags like #music and #livemusic.
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The full list of included hashtags is as follows: #endautismnow, #antivax,

#autism, #autismismedical, #cat, #cdctruth, #cdcwhistleblower, #dog, #ebola,

#flu, #health, #hearthiswell, #hpv, #immunization, #livemusic, #measles,

#medication, #music, #polio, #sb277, #science, #vaccination, #vaccine, #vac-

cines, #vaccinescauseautism, #vaccineswork, #vaxxed.

We then downloaded a large number of tweets (≈ 10, 670, 000 in total) of

tweets containing either of those hashtags. and trained a deep neural network

classifier to predict the hashtags from text. We used a random upsampling

approach to achieve a balanced dataset.

The classifier consisted of an embedding layer, a spatial dropout, then a

parallel sequence of a) a bi-directional GRU (gated recurrent unit) and a dropout

layer, and b) a weighted attention average layer (Felbo et al. (2017)). Those

were then concatenated into a representation layer.

After fitting the hashtag model, we removed the output layer and ’froze’ the

remaining layers, to prohibit training of the weights contained in the original

model. We then added a fasttext network (Joulin et al. (2016)) in parallel

with the pretrained classifier. The rationale for this was that, while the initial

classifier might have learned to recognize highly complex patterns in text, it

might not do a good job of making simpler connections between input text and

target probabilities. After fitting the fasttext part of the classifier, we used the

chain-thaw approch of (Felbo et al. (2017)) to further improve performance.

On the three-class prediction task, the classifier attained a micro-averaged

F1-score of 0.762. The score was computed by aggregating true and false pos-

itives/negatives over a 10-fold stratified cross-validation procedure (Forman &

Scholz (2010)). For comparison with the literature, we also trained the classifier

for binary prediction (i.e. predicting simply whether a text snippet was anti-

vaxx or not). The accuracy on the binary case was 90.4 ± 1.4% over a 10-fold

stratified cross-validation evaluation, an increase over what to our knowledge is

state of the art performance (Mitra et al. (2016)).

Looking qualitatively at the performance of the classifier, the tweets that

were labeled with high confidence demonstrate some capability of the classifier
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Figure 7: Representation of the final classifier.

to recognize relatively subtle indications of the correct label for the tweet, as

shown in table 1.

For each user, we counted the number of tweets concerning vaccination

(based on keyword matching), and computed the probability of each tweet being

characterized as pro/antivaxx, according to our classifier. We then label profiles

as anti/pro-vaxx if the classifier assigns more than 50% of the profile’s tweets

a probability of at least 50% of being anti/pro-vaxx. This strong criterion is

intended to reduce the number of profiles falsely assigned into either category.
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Text Class

“January is Cervical Health Awareness Month.Join the HPV

vaccine campaign to prevent cervical cancer”

Provaxx

“Getting a flu shot will help prevent transmission to new babies

who are too young to be vaccinated. #flukills”

Provaxx

“things i love about the vaccines: they change their set list

every gig but norgaard is always the last song they play”

Neutral

“Hi 〈USER〉 7.3m to kill 1771 Badgers — 4100 per Badger —

Vaccination looks cheap now? 662 per Badger?”

Neutral

“Bill Gates Admits #Vaccines Are Used for Human #Depop-

ulation”

Antivaxx

“Lead Developer Of HPV Vaccines Comes Clean, Warns Par-

ents & Young Girls Its All A Giant Deadly Scam”

Antivaxx

Table 1: Qualitative summary of classifier performance. The classifier correctly assigns a large

probability of antivaxxness to text snippets the express conspiracist notions about vaccines

being part of a global scam. Similarly, texts highlighting the positive qualities of vaccinations

are assigned a high probability of being provaxx. In addition, text snippets concerning the

band named The Vaccines are recognized as irrelevant. A text snippet expressing how much

more expensive it is to kill, rather than vaccinate, badgers is also categorized as irrelevant

with a high certainty, despite containing negative words like ‘kill’.
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Abstract

We introduce the concept “narrative priming” to account for a prime that 1) includes a
value-laden description of a choice option, and 2) highlights specific elements in the
current situation, eluding to (a) a well-known narrative about the choice option or (b)
similarities between the current context and other contexts where such a narrative is
known to exist. In order to test how people are influenced by narrative priming, we
conduct an experiment with a 10-round repeated prisoner’s dilemma game. Before and
during the game, participants are primed with a narrative highlighting the value of
cooperation, or the value of self-regarding actions. We find that 1) both narrative
primes have a significant effect, and 2) compared to a control treatment, the
self-regarding narrative has a larger effect than the cooperate narrative. Second, we test
how participants, who are already acquainted with a narrative promoting self-regarding
actions, respond to narrative primes. We find 1) that for each narrative, they are more
likely to defect compared with other participants, and 2) that the difference between
number of times defected in the cooperate and defect narrative is similar for the two
groups. The results highlight the behavioural effect which even minimal use of
value-laden words and situational cues can have on peoples’ behaviour. Such effects are
important to remember when we consider the communication of science, news, and even
political views.

1 Introduction

The power of telling stories is widely recognised. It is used in the media to gain and
retain our attention, and it is used in political arguments to support right- and left wing
opinions. It is also and integrated part of how we communicate science, especially to
students and the wider public. In this paper, we consider how narratives can influence
peoples’ behaviour. Especially, we consider what happens when people are primed to
think about one of two well-known narratives; that it is beneficial to cooperate, and
that it is rational to be self-regarding. We call the first narrative the cooperate
narrative and the second narrative the defect narrative.

The first narrative, that it is beneficial to cooperate, can be traced back at least to
Aristotle. In Politics, he famously writes that humans are social animals.1 In the

1Aristotle, Politics, Book 1, 1253a.
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Nicomachean Ethics IX.9, he further writes that we need companions with whom we
can cooperate to meet mutual goals if we want to fully make use of our abilities.
According to Aristotle, the value of cooperation is present when we consider sailors on a
ship, soldiers on an expedition, members of families, business relationships, religious
associations, citizens of a political community, and colleagues engaged in contemplative
activity [1]. Aristotle further states that successful cooperation will lead to the
development of friendship and other social virtues between the involved parties [1]. The
benefits of cooperation is also mentioned in the bible, where Ecclesiastes 4:9-10 says:

Two are better than one; because they have a good reward for their labour.
For if they fall, the one will lift up his fellow: but woe to him that is alone
when he falleth; for he hath not another to help him up [2].

Finally, in newer times, the benefits of cooperation have been studied for both animals
and humans, for example, in sociology, anthropology, and as a process in evolution [3–5].
Thus, the cooperate narrative uses positively laden words to describe cooperation as
beneficial (some might even say that “cooperation” in itself is positively laden). Further,
it is inherent in the narrative that when people cooperate, everyone will be better off,
and without cooperation, we would not have been able to make the kind of societies we
live in today.

The second narrative, that it is rational and even beneficial to be self-regarding, also
has a long history. For our purpose, we join the debate in the 18th Century, fifty years
after Hobbes suggested that human nature is guided by its passions, and unchecked will
lead to a state of nature and a war of all against all [6]. A hotly debated topic at this
point is how to control peoples’ passions and vices when virtues are unfit to do so. In a
poem from 1705 and later in a book from 1714 Mandeville provides an answer to the
question by stating that the only way to control vices is with other vices. Especially, he
suggests to use the vice of greed and the need of approval to control people in a market
system governed by law [7]. Further, he suggests that markets can lead to prosperous
societies that are better for everyone compared to systems without commerce. These
thoughts were taken up and developed by others (among them, David Hume and Adam
Smith [8, 9]), and finally reduced and simplified to what we now know as the classical
normative assumptions of modern microeconomic theory. Very coarsely these are: i)
that it is good (rational) to only consider one’s own preferences and optimize for the
best outcome (read: maximize one’s own profit), and ii) that a free market with rational
individuals will lead to the most efficient outcome (and that this outcome will be good
for everyone). Thus, the defect narrative uses the positively laden word “rational” to
describe self-regarding actions. Further, it is inherent in the narrative that all people
who are rational ought to act self-regarding, and that, in the long run, this will help
improve our society overall and for everyone.

To see whether even a minimal exposure to a well-known narrative, like the
cooperate and defect narratives, can influence peoples’ choices in a social dilemma game,
we conduct an experiment where we expose participants to a narrative priming before,
and continually during, a 10-round repeated prisoner’s dilemma game. We define
narrative priming as a prime, typically in words, that

1. includes value-laden terms describing a choice or behaviour option, and

2. highlights specific elements of the current situation eluding to

(a) a well-known narrative concerning that choice option or

(b) similarities between the current situation and other contexts where such a
narrative is known to exist
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Narrative priming has, to our knowledge, only been used twice before. First, it is used
by Ferguson et al 2008 to consider the negative association people might get when using
and hearing the name “blood substitute” [10]. Second, King et al 2018 refers to
narrative priming as defined by Ferguson et al 2008 when conducting interviews and
focus groups regarding how blood substitutes are perceived depending on where they
are situated on a spectrum from ‘natural’ to ‘synthetic’. They then consider the impact
naming might have for future regulation and acceptance of cultured red blood cells [11].
Our use of narrative priming is in alignment with earlier uses in that we include a
normative component. Specifically, we introduce a positively laden word and associate a
specific behaviour with it. However, our usage differs in that we provide more context
supporting the positive association with the specific behaviour by eluding to a more
general narrative supporting the conduct. In this way, we integrate the normative
association with situational cues. Thus, compared to previous uses of “narrative
priming”, we use the term to refer to a prime that besides having a normative content
also uses situational cues to support adopting the narrative in the context. Finally,
narrative priming differs from priming with a narrative. Priming with a narrative
typically involves making people read an entire narrative and then test how this affect
their behaviour in subsequent related or unrelated task [12,13]. Narrative priming, on
the other hand does not present participants with a full narrative. Instead, participants
are primed initially and continually with elements from a well-known narrative, to test
if this will make them more inclined to act in accordance with that narrative.
Narratives in this sense can be understood as similar to what Molinsky et al 2012 terms
a “schema” [14].

The aim of this paper is to answer two questions concerning narrative priming. First,
we want to consider whether narrative priming has an effect on behaviour, particularly
whether we can see evidence that priming causes people to become more likely to
cooperate or defect according to the narrative they are primed with. Second, we want
to test how people who are already acquainted with one of the narratives, are influenced
by the narrative priming compare to people who are not already acquainted with one of
the narratives.

The rest of the paper is divided into five parts. In section 2 we review two streams of
literature (priming literature and context framing literature) and relate these to
narrative priming. Next, we consider the literature on differences in choices between
economics students and non-economics students to determine if it is plausible to assume
that economics students are already acquainted with the defect narrative in our
experiment. We end section 2 by stating our expectations to the experiment based on
the findings in the literature. In section 3 we describe the experimental set-up and the
two data sources constituting our data set. In section 4 we analyse the results from the
experiment in order to answer our two questions. We discuss our findings in section 5
and conclude in section 6.

2 Literature review

There are three interrelated streams of literature that point to the effects of narrative
priming. First, within priming research, attention has been given to the effects different
primes can have on subsequent behaviour. Second, literature on context framing points
to an effect of providing people with additional information about their choice situation.
Third, differences in choices between economics students and other students have been
studied and debated. Within this debate, several papers, discussed in the following,
have paid special attention to the effect of microeconomic theory and its potentially
normative implications. In this section, we first give a review of findings within the
priming and framing literature and discuss the predominant theories for why primes and
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frames affect people. We then review the literature related to economics students and
the reasons suggested for why their choices differ from the choices of other students.
Finally, we state the expected results of the present experiment based on findings in the
literature.

2.1 Priming literature

Broadly speaking, priming refers to the activation of mental concepts through subtle
stimuli or situational cues that can facilitate impressions, judgments, goals, and
actions [15–17]. Of specific interest for narrative priming is the stream of priming
literature that considers prime-to-behaviour effects via situation-perception [18]. This
literature considers how situational cues can change peoples’ behaviour by affecting
their perception of a situation. It differs from priming literature that considers how
subtle cues can affect behaviour by changing the perception of oneself or of other people.

For our purpose, three types of situational primes seem to be of particular interest.
First, Kay and Ross 2003 find that priming people with competitive words makes them
more likely to defect in a prisoner’s dilemma game and it makes them more likely to
name the game “the wall street game” compared to “the community game” [19].
Liberman et al 2004 support this finding by showing that changing the name of a
standard prisoner’s dilemma game from “the wall street game” to “the community
game” significantly changes how many people defect in the game [20]. Second, Kay et al
2004 show that priming people with objects associated with business or pictures of such
objects will make them view a given situation as more competitive. Further, it made
people make smaller offers in an ultimatum game, and made people cooperate less in a
prisoner’s dilemma game called “the situation” (though the effect disappears if the game
is instead called “the community game”) [21]. Molinsky et al 2012 also consider how
words normally associated with economics can reduce compassion when passing on bad
news related to economy, both because of reduced empathy and because of perceived
unprofessionalism when showing compassion [14]. Finally, money priming experiments
have suggested that handling or seeing money can lead people to have negative
attitudes towards expressing emotions [22] and reduce helping behaviour [23,24].

Recently, priming experiments have come under critique due to several failures to
replicate the experimental results. Belaus et al 2018, for example, find no significant
results when trying to replicate Kay and Ross 2003 [25]. Klein et al 2014 also fail to
replicate the effect of money priming in a large replication study of 13 psychological
effects on MTurk [26]. In defence of priming effects, a meta-study conducted by
Weingarten et al in 2016 of published and unpublished studies, shows a robust
behavioural impact of presenting people with words associated with particular actions
or goals. Further, the study finds only a minor publication bias [27]. This suggests that,
even though some findings in the priming literature are now being scrutinised, there is
still evidence pointing to an effect of situation-perception primes. This is also supported
by Ramscar 2016, who argues that one reason why we can expect some priming effect to
change over time is that priming effects depend on how people understand the prime.
Since our understanding of a prime may very well change over time (e.g. what we
associate with “doctor”), we cannot expect all primes to keep having the same
effect [28]. For example, peoples’ associations with the name“the wall street game”
might have shifted as an effect of the financial crisis of 2008, leading to different
resulting behaviours in the two aforementioned studies.

Relating the priming literature to narrative priming, the literature suggests that
presenting people with subtle cues between their current situation and a context where
a specific narrative is known to exists (e.g. a competitive context) can affect peoples
choice behaviour in the current situation.
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2.2 Framing literature

Framing refers to different ways you can describe a situation. Framing effects are
typically explored by presenting an audience with differently worded, but logically
equivalent, situations, to see if the wording has an effect on the audience choice
behaviour [29]. According to Gerlach and Jaeger 2016, there have been three major
debates about framing effects related to experimental games. First, framing effects have
been discussed in relation to coordination games. Second, building on Kahneman’s and
Tversky’s work on prospect theory, framing effects due to a loss/gain framing have been
widely discussed, especially within behavioural economics [30,31]. Third, the general
effect of changing the wording of a game description has been debated. To distinguish
the focus of the second debate from the focus of the first and third, Gerlach and Jaeger
refer to the former as valence framing and the latter as context framing. For our
purpose, context framing is of special relevance. According to Gerlach and Jaeger,

context framing shapes players’ experience of the game by 1) associating the
game with different entities and/or 2) stressing specific aspects of the
game [29].

The framing literature contains at least four different types of context framing.
First, as in the priming literature, effects of the name of a game have been studied.

Here, Ellingsen et al 2012 find a significant difference between the amount of
cooperation in a prisoner’s dilemma game when it is called “the stock market game”
and “the cooperation game” respectively. They also find that the effect disappears
when the game is played sequentially with one player choosing before the other [32]. An
opposing result is obtained by Dufwenberg et al 2011, who find a negative effect of
calling a public goods game “the community experiment” instead of “the experiment”.
However, they also mention that the German word “Gemeinshaft” used for “community”
in the study has undergone a change in connotation from positive to negative so that it
now is associated with individualistic behaviour [33].

Second, the effects of providing context to a game matrix has been discussed.
Lesorogol 2007, for example, study sharing behaviour in a dictator game among Kenyan
livestock herders. She finds that the participants playing the game in a decontextualized
version has a wide range of responses. In comparison, when the game is introduced in
the context of how much of a goat the participant will be willing to give to a guest, the
responses to the dictator game adhere to the social norm of meat sharing [34]. Bohm
and Theelen 2016 show that what donations in a public goods game are said to be used
to affect how much people donate [35]. On an methodological note, Alekseev et al 2017
conduct a meta-study of the use of context-rich language in experimental studies and
conclude that this can enhance understanding of an environment and reduce confusion
among participants [36].

Third, researchers have observed an effect of reminding players that their decision
will have an effect on other players. Brañas-Garza 2007 show that including the
sentence “Note that your recipient relies on you” in the description of a dictator game
increases donations in the game. [37]. In this line, researchers have also studied the
effect of framing the description of a game in neutral terms, with focus on cooperation
and community, or with focus on individual benefits. Rege and Telle 2004, for example,
observe that framing the description of a public goods game as contributing to the
community or free-riding will increase donations compared to the control treatment [38].
Engel and Rand 2014 also observe an effect on strategy choices in a one-shot prisoner’s
dilemma when telling participants they are on a team versus that they are competing in
setting prices in a market. Interestingly, Engel and Rand observe a significant effect
between the competitive framing and the baseline (neutral) framing, but not between
the team framing and baseline [39]. Finally, Lightner et al 2017 observe that asking
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people to imagine themselves being in a specific situation, playing a given role, can
affect offers and acceptance levels in an ultimatum game. Specifically, they find that
when players are asked to imagine themselves as either bankers or customers in a
currency exchange situation, customers will offer significantly less to bankers compared
to the control treatment, and bankers will offer significantly more to customers
compared to the control treatment [40].

As with priming effect, one has to take care when generalizing conclusions based on
class room experiments. For example, Goerg and Walkowitz 2010 show that changes in
a game matrix to induce positive or negative externalities to other players can affect
people from different cultures differently [41].

Relating the literature on context framing to narrative priming, the literature
suggests that including value-laden terms to describe different choice options can affect
peoples’ behaviour in the situation. Thus, narrative priming combines the behavioural
effects of value-laden words generally observed in context framing with the behavioural
effects of situational cues generally observed in priming experiments.

2.3 Five suggested explanations for priming and framing
effects

Before turning to the literature on economics students, it is worth pausing to consider
the theories suggested for why primes and framing have an effect in game experiments.
In order to structure the suggested explanations, we divide them into five categories of
reasons. These reasons are 1) focal points for coordination, 2) in-group/out-group
effects, 3) reputation or desire for social approval, 4) social norms, and 5) individual
norms and personal traits. Notice that the five categories of reasons are not mutually
exclusive and may co-exist or overlap with each other.

The first reason suggests that primes and framing can function as signals or anchors,
providing players with a focal point that can help them coordinate their choices without
communicating. This is especially relevant for coordination games or other anonymous
and simultaneous games [29,32,42–44].

The second reason frames and primes might affect peoples’ behaviour is that they
can induce people to make in-group/out-group distinctions that can affect their
choices [45–48]. In-group/out-group behaviour is normally explained via social identity
theory [49]. In the context of social dilemmas games, it may be present if participants
already know each other, if they are allowed to talk with each other before the
experiment, or if the game description induces associations with specific social group
identities [42,50–52]. The effect, however, does not seem to be the primary drive for
behavioural changes in these kind of game experiments [52].

The third reason, which can also explain the effect of letting people talk or meet
previous to playing a social dilemma, is reputation or desire for social approval. Going
back to Mandeville, it has been suggested that vanity can be used to make people more
sociable, by praising behaviour that is beneficial to the public [7], [53]. Recent
experiments show that when players’ choices are not anonymous, people tend to act
more pro-social in social dilemma games [38]. However, Baum et al 2012 tested that
cooperation increased to a similar extent when contributions were shared anonymously,
suggesting that knowledge sharing in itself can work as a signal for a social norm in the
context [54].

Thus, the fourth reason why priming and framing may affect peoples’ choices is that
they hint at a specific social norm being active in the game context. Following Bicchieri
2005, we define a norm as a formal or informal, personal or collective, description of
what most people do or prescription of behaviour [55]. According to Bicchieri, a social
norm is an informal behavioural rule that is not formally sanctioned. It differs from a
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moral rule since following a social norm is only subscribed in a situation if sufficiently
many people follow the norm in that situation. Further, it differs from mere collective
behaviour because the fact that other people follow the norm is itself a reason for
following it. More specifically, a social norm exists in a given situation for a given
population if sufficiently many people i) know that the social norm exists, ii) expect
that sufficiently many people will follow the norm in the situation, and iii) expect that
sufficiently many people believe that the norm ought to be followed in that situation
and potentially will be willing to sanction people according to whether they follow it or
not [55]. A social norm is followed in a given situation if i)-iii) are satisfied for
sufficiently many people who consequently prefer to conform to the norm in that
situation. Examples of behavioural rules that can operate as social norms are
reciprocity, cooperation, altruism, self-interest, and competitive behaviour. Several
studies on social dilemmas have been conducted to examine whether social norms can
explain players change in behaviour. Dufwenberg et al 2011 find supporting evidence for
reciprocity in a public goods game [33] and Fehrs and Schurtenberger 2018 argue that a
norm of conditional cooperation can explain game behaviour [56]. As already mentioned,
Baum et al 2012 argue that a social norm of cooperation is activated when people are
allowed to communicate via anonymous messages [54], and Lesorogol 2007 observes that
a social norm of meat sharing can be activated in a dictator game for a certain
population, when participants are first asked to determine the equivalent value of money
in goat parts [34]. Further, several experiments have been conducted on spill-over effects.
Here, researchers find that asking people to cooperate in an unrelated coordination task
prior to playing a social dilemma game increases cooperation, suggesting that a norm of
cooperation has spilled over from the coordination situation to the social dilemma
situation [52,57]. Finally, the effects of changing the name of a prisoner’s dilemma
game, priming people with cooperative or competitive words respectively, or framing the
game description as cooperative or competitive can all be explained with reference to
social norm theory, since the changes can be a signal to players as to which situation
they are in, and which behaviour is expected of them. However, as Gerlach and Jaeger
2016 point out, it is not always clear exactly what makes players adhere to a social
norm; is it because they expect the other players to adhere to it, or is it because they
believe this is what the experimenters want them to do [29]?

The fifth reason is personal norms and traits. Individual norms differ from social
norms by not being dependent on expectations of other peoples’ behaviour. Instead, a
personal norm is a behavioural rule that the person has reasons to follow independently
of what other people do. Research conducted on social dilemmas show that players who
value cooperation and pro-social attitudes are more likely to be affected by cooperation
primes and framing, while priming for competence reduces cooperation for competitive
people [25,58]. Further, Smeesters et al 2009 argue that people with highly consistent
social values are less affected by primes [59]. For a meta-analysis on how activation of
self-concept can influence behaviour, see Wheeler et al 2007 [60]. Another reason for
cooperation, that can be related to personal norms and traits is altruism. Batson and
Moran 1999 have, for example, argued that inducing empathy in players towards their
co-players will increase cooperation [61]. Batson and Ahmad 2001 further show that
empathy induced altruism can make people cooperate in a prisoner’s dilemma game,
even if they know that their opponent has defected [62]. Finally, some research have
been conducted to see whether personal traits can be used to predict cooperation.
AL-Ubaydli et al 2016, for example, argue that the average cognitive abilities of two
players in a 10-round repeated prisoner’s dilemma game is positively correlated to the
amount of cooperation in the 10 rounds [63].

As already mentioned, the five reasons are not exclusive and can both overlap and
co-exist. Primes as a coordination device may work as just this in coordination games,
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but as a signal for the type of situation, players in social dilemmas are in, and thus
indicate which norm they ought to follow. The desire for a good reputation or social
approval may, for example, be a motivating factor for following a social norm or
upholding a personal norm. And effects due to group association may also be
strengthened or result in norm-following behaviour that people believe is expected in
the group. Thus, for the purpose of social dilemma experiments, norm-following
behaviour seems to be the best candidate for a general explanation in behavioural
changes due to primes or framing.

The presence of norms as a heuristic device for making decisions in social dilemmas
is further supported by recent research on dual process theory. Engel and Rand 2014
show that, when a one-shot prisoner’s dilemma game is framed in a competitive, neutral,
or cooperative fashion, there is a significant difference between the amount of
cooperation in the competitive frame compared to the two others, but not between the
cooperate and neutral frame [39]. They take this as evidence that strategies that are
useful in everyday life (i.e. cooperation) becomes internalised as defaults that are used
in new situations when there are no other clues regarding how one ought to behave.

To further support the hypothesis that people cooperate as default, Rand with
collaborators have made a series of experiments showing that people tend to cooperate
more under time pressure and when intuition is prompted over deliberation [42,64–68].
Though the papers do not connect these finding to social norms, the experimental
results can be seen as supporting the claim that there is a social norm of cooperation
and that people will make faster decisions when they follow a norm compared to when
they do not.

Relating the debate on why primes and framing can influence behaviour to narrative
priming, we see that narrative priming by definition provides people with the
information they need in order to infer that a social norm is present in their current
context. First, the value-laden description of one choice option informs people of a
behavioural rule to make that choice. Second, the situational cues, linking the current
situation to a narrative about the choice, suggest that other people will choose that
option in this situation.

Taken together, the value-laden description of a choice option and the situational
cues referring to a narrative hints at the expectations that other people will choose that
option in the current situation and that they expect everyone else to do so as well. Thus,
the literature on framing and priming suggests that narrative priming will have an effect
on people. Further, the literature on social norms gives us one explanation as to why
this effect occurs, which is consistent with the elements present in narrative priming.

2.4 Literature on economists’ choices

The final stream of literature, relevant for our purpose, is the literature on the
differences in behaviour between economics students and other students. One of the first
papers to spark this debate is Marwell and Ames 1981 [69]. They find that first year
economics students contribute significantly less than high school students in a public
goods game. Since then, several experiments have been conducted to consider whether
economics students actually choose differently compared to other groups and why.

Starting with social dilemmas, there is evidence that economics students donate less
in an ultimatum game [70, 71], as well as a dictator game [71–74], and give less to losers
if they themselves win in a solidarity game [75]. With regard to the prisoner’s dilemma
game, Ifcher and Zarghamee 2018 find that people with previous exposure to game
theory defect more in a one shot game [71]. Frank et al 1996 also find that economics
students defect more compared to other students in a one-shot prisoner’s dilemma with
prior interaction, when they are not allowed to make promises regarding their
strategy [76]. Finally Haucap and Müller find that economics students defect more in a

May 31, 2019 8/32



sequential prisoner’s dilemma type game compared to law students [77]. However,
Ahmed 2008 did not find a significant difference between the choices of economics
students compared to humanities students and police students in a one-shot prisoners
dilemma game [78]. Further, Hu and Liu 2003 find that when players are allowed to talk
and make promises prior to playing a one shot prisoner’s dilemma game, economics
majors cooperate significantly more than non-economics majors [79].

Turning from social dilemmas to surveys, we see other ways economics students
differ compared to their peers. Rubinstein 2006 conducted a survey among economics,
philosophy, law, and MBA students to see how the different groups make a trade-off
between profit maximization in a company and laying off people in that company. The
results show that economics students are willing to lay off more people in order to
maximize profit compared to the other groups. This pattern is consistent with people
who have finished their education, where economists also tend to lay off more people in
order to profit maximize. The survey also shows that presenting the problem as an
equation increases the number of people who profit maximize [80]. Cipriani et al 2009
and Brosig et al 2010 conducted experiments with similar survey questions and observe
the same difference in choices as Rubinstein 2006 [81,82]. Another survey is conducted
by Frey et al 1993, where they consider whether people find a price raise on water
bottles on a hot day fair. The results show that more economics students consider a
price raise fair compared to households in the same areas. They further show that
explicitly saying that there is an excess demand on water bottles makes more people
view the price raise as fair, though there is still a significant gap between economics
students and households [83]. The study was replicated by Haucap and Just 2010 among
students on a military university. They find the same difference between economics
students and non-economics students and their results are robust when changing the
framing of the questions [84]. Faravelli 2007 also made a survey considering what
economics and sociology students consider a fair distribution of resources between two
individuals with different utilities. When no further context is given, economics
students favour equality less than sociology students. However, the difference disappears
when more context is provided (i.e. that one individual has lower utility due to a
disability or due to being lazy) [85]. Finally, a number of surveys have investigated the
corruption-proneness of various groups. Frank and Schulze 2000 conducted a survey
asking students to choose a company to do a plumbing task for a university film club.
Students were given a price list of the different companies along with a list of how much
each company will give the student if they selected that company. Numbers correlate
such that the more expensive the plumber is, the more will the company pay the
student to choose them.’ Students knew that choosing a more expensive plumber would
result in a greater amount of money for themselves, and less for the film club. The
survey results show that economics students are significantly more likely to choose a
more expensive company in order to get paid a greater amount themselves. Frank and
Schulze 2000 interpreted this as a sign that economics students are more corrupt than
other students [86]. Similarly, Frank et al 1993 conducted a survey showing that
economics students are more likely to value own profit over honesty compared to other
students and that they become more dishonest depending on how exposed they are to
microeconomic theory [76]. Contrary evidence is found by Laband and Beil 1999 who
conducted a survey on income for members in economics, political science, and sociology
associations. All three associations have income based dues, and so it is possible to
calculate whether the income reported for due payments has the same distribution as
incomes reported in the survey. Results show that the amount of cheating is
proportional to how much one will gain by cheating across the three disciplines. Further,
economists could gain the least by cheating and so cheated less than both political
scientists and sociologists [87]. Yezer et al 1996 also replicated the survey made by

May 31, 2019 9/32



Frank et al 1993 and did not find the same differences between economics students and
biology and sociology students [88]. However, as Frank et al 1996 mentions, Yezer et al
consider class averages, where Frank et al 1993 looks at individual differences [89].

Yezer et al 1996 also conducted a natural experiment in order to consider whether
economics students behave differently than other students. To do this, they placed
envelopes with money in classrooms before economics classes and other classes. The
envelope was not sealed and further contained a note addressed to a person (that did
not exist) saying that the money were payment for a loan made by that person. The
different envelopes was tracked using the name in the note. Envelopes placed in
classrooms prior to economics classes were returned more often than envelopes placed in
classrooms prior to other classes. Further, Yezer et al found some evidence that people
returning envelopes that had been placed prior to economics classes had made a greater
effort tracking down the person, for whom the money was purportedly intended. Yezer
et al 1996 take this experiment as evidence that economics students are more honest
than other students [88]. For a critical remark see Frank et al 1996 [89]. Frey and Meier
2003 conducted another natural experiment considering how much students donate to
finance other students’ studies at their university. Data show that economics students
donate less than other student groups [90]. Bauman and Rose 2011 also reviewed data
on how likely different student groups are to donate to social programmes at their
university. They found that economics majors are less likely to donate compared to
students with other majors [91]. That economists donate less is also supported by Frank
et al’s 1993 survey where economics professor reported to donate less to charity
compared to professors of other disciplines [76].

In summary, there seems to be substantial evidence that economics students differ in
their choices compared to their peers and to some parts of the general population. It is,
however, important to caution generalized conclusions on the basis of these experiments.
First, not all evidence support the hypothesis that there is a difference [78,79,87,88].
Second, it is important to keep in mind that choosing to cooperate less in a social
dilemma is different from choosing to donate less to a charity or to favour laying off
more people in order to maximize profit in a company. It is not clear that these
different effects can be compared or that they warrant some general conclusion about
economists [92]. Third, several papers suggest that the choice of reference group can
have an impact on how significant results we see, and that other student groups also
behave significantly different from their peers [78,90,93]. Finally, though there is some
evidence pointing in this direction, it is important not to generalize from student groups
in western societies to the general population in western and non-western societies.

A substantial part of the literature on economics students is devoted to consider
what makes economics students choose differently from other student groups. Besides
students’ educational background, gender [72,74,77,79,80,93,94], age [95], political
affiliations [84, 90, 95], logical abilities [70], and demographic background data [81] have
in some cases been significant predictors of choices. However, the effects of educational
background is present even when controlling for other effects. Concerning the
educational effect, there has been substantial debate whether the differences is due to a
self selection effect only [70, 82, 86, 90, 96], or whether there also is a learning effect from
studying economics [14,71,74,76,77,81,84,85,91]. For the purpose of this study, we
agree with Lanteri 2008 that it is difficult to define and detect a selection effect since it
is difficult to control for early exposure to economic theory, for example through one’s
family, media, peers, or prior education [92]. Instead, we take the approach chosen by
Ifcher and Zarghamee 2018 and consider whether we can see an effect of minimal
exposure to narrative priming both for economics students and for non-economics
students [71].

Finally, researchers have asked why effects of economics education occur. Following
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Kirchgässner 2005, we can first distinguish between methodological and normative
reasons [97]. Two methodological reasons might have an influence. The first is that
individual preferences are reduced to material external incentives (money). As evident
from the priming literature, a focus on money can affect one’s choice behaviour [98].
The second reason is the use of mathematics to consider societal issues, which
Rubinstein 2006 has shown can potentially make people more focused on the optimal
solution and less on other social consequences associated with that solution [80].
Concerning normative reasons, some researches have suggested that economics students
might differ in their fairness conceptions compared to other students [69,73,97]. There
has also been some evidence that economists care less about fairness [73,74]. Recently,
however, Gerlach 2017 have argued that the difference in donations in a dictator game
with a third party judge is not because economics students have a different fairness
concept or care less about fairness, but rather that they, compared to other students,
expect other people to behave more unfair [72]. This finding is also supported by the
findings of Cappelen et al 2015 and Frey and Meier 2003 [90,94]. That peer
expectations can play a role for why economics students choose differently than other
students may suggest that social norms play a role in determining how students choose.

The behaviour of economics students are of interest for our purpose due to the
suggestion that economists act differently because of different expectations to the
behaviour of their peers. If, in fact, the differences in behaviour can be explained with
reference to different social (or potentially personal) norms, this is a strong indication
that economists are already acquainted with the social norm of self-interest, as
presented in microeconomic theorizing. Thus, economists as a subgroup of participants
in our study can be used to see what effect narrative priming has on people who are
already acquainted with a narrative.

2.5 The expected effects of narrative priming on different
groups

The aim of the present experiment is to see whether narrative priming has an effect on
peoples’ choices in a prisoner’s dilemma game, as well as exploring how people who are
already acquainted with one of our narratives respond to narrative priming.

Based on the literature on collaborative and competitive priming and context
framing, we expect narrative priming to have an effect on how much people cooperate in
a prisoner’s dilemma game when exposed to the cooperate or defect narrative compared
to the control group (i.e. the neutral narrative) [19,39,42]. This expectation is
supported by the results of Ifcher and Zarghamee 2018 who conducted an experiment
considering the immediate effects of exposure to 3 different economics lessons - a
normative lesson relating the theory of rational agents, a descriptive lesson stating how
people actually play in a prisoner’s dilemma game, and a control lesson explaining how
game matrices are set up. Ifcher and Zarghamee find that only the normative lesson has
an effect on behaviour, with people defecting more after having been exposed to it [71].
Notice that the value-laden content of their normative economics lesson corresponds to
the value-laden content of our defect narrative. Thus, we have good reason to believe
that the defect narrative will cause people to defect more. Going beyond Ifcher and
Zarghamee 2018, we further consider whether a narrative with value-laden cooperative
elements can change peoples’ behaviour by making them cooperate more. With
reference to the literature on cooperative priming, we expect that the cooperate
narrative will make people cooperate more compared to the neutral narrative [37,52, 57].
Based on the results from Engel and Rand 2014, however, we expect that the difference
between the defect narrative and the neutral narrative will be greater than the
difference between the cooperate narrative and the defect narrative [39].
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With regard to our second research question; how people already acquainted with a
narrative respond to narrative priming, we want to consider how people who have an
educational background in economics are affected by the different narratives. This study
partially depends on there being a difference between participants who have a
background in economics and participants who do not. In alignment with previous
experiments including economics students, we expect that participants studying or
having studied economics will defect more in a prisoner’s dilemma game. Following the
results of Ifcher and Zarghamee 2018, we also expect this group to be more susceptible
to the defect narrative compared to people who do not associate with an educational
background in economics [71]. Given the evidence that primes may affect people with
strong personal values less, we further theorise that people with an educational
background in economics may be less susceptible to the cooperate narrative compared
to other participants [58,59]. Finally, given the research on dual-process theory, we
expect people who cooperate to make faster decisions on average compared to people
who defect [64,65].

3 Materials and methods

In order to test the effect of narrative priming, we conduct a computer based experiment
where participants are asked to play 10 rounds of a prisoner’s dilemma game. The
experiment is first conducted on Mturk and second in the behavioural research lab
(BRL) at London School of Economics. The experimental design is the same for both
studies and it was approved for the BRL study by the LSE Research Ethics Committee.

3.1 Experimental design

The experiment has four parts. First, participants see the title “A Choice Experiment”
and read a general description of the experiment, including that they will earn 10
percent of the points collected in the game in addition to their base pay. Second, they
are asked to answer 5 control questions to ensure that they understand the rules of the
game. Participants cannot proceed to the game before all 5 questions are answered
correctly. Third, the participants play 10 rounds of the game. After each choice made,
participants are informed about their own pay-off resulting from the choice, the choice
made by their opponent, as well as the choice and pay-off of a random participant.
They are then asked a follow-up question regarding the latter, to ensure that they
engage with the information. Finally, participants are asked to state whether they have
played this type of game before, and if they have guessed the hypothesis tested in the
study. The experiment takes less than 15 minutes.

The game is a normal prisoner’s dilemma game with pay-off structure
T > R > P > S where T ∈ (2; 4), R = 2, P = 1, and S = 0. The two strategies are
called “cooperate” and “defect”. The name “prisoner’s dilemma” is not mentioned to
avoid any effects of a name [19–21,25,32,33]. The pay-off structure is depicted in table
1.

cooperate defect

cooperate (2,2) (0,T)
defect (T,0) (1,1)

Table 1. Prisoner’s dilemma game

To test the effect of narrative priming, participants are randomly allocated to one of
three versions of the experiment. In the first version, the cooperate narrative,

May 31, 2019 12/32



participants are primed to think about a cooperative situation. Further, we introduce a
normative component by using game theory to refer to the cooperate strategy as
“optimal”. Participants are exposed to the cooperate narrative in five ways during the
experiment. First, the title is accompanied by a small subtitle: “A study on
cooperation”. Second, the general description starts with a sentence, introducing the
experiment as a study on cooperation and uses “your co-player” instead of “an other
participant”. Third, participants are presented with a short descriptive text prior to
answering the control questions, introducing the concept of social optimality. Fourth,
control questions 3-5 ask the participants to think about collective benefits and apply
“optimality” to the cooperate strategy. Fifth, the follow-up questions during the game
ask participants to classify the random neighbour’s strategy as optimal or suboptimal.
This is done to ensure i) that participants have read and understood the information
about what their neighbour played and earned and ii) that participants are kept
engaged with the narrative priming during the 10 rounds of the game. The text before
the control questions in the version with the cooperate narrative is:

A concept of particular interest in this study is the notion of social
optimality. In game theory, we say that an outcome is socially optimal if it
results in the largest overall payoff and if no one can be made better of
without making someone else worse off. We call a strategy that can lead to
a socially optimal outcome optimal. Conversely, we call a strategy
suboptimal if it cannot lead to a socially optimal outcome. The following
contains a few control questions to ensure that you understand these
concepts and their relation to the game.

With control questions:

3. If your co-player plays ’cooperate’ in a given round, which strategy should you
choose to ensure that the two of you receive the greatest possible total number of
points (i.e. which choice maximizes the sum of the points that you and your
co-player receive)?

4. If your co-player plays ’defect’ in a given round, which strategy should you choose
to ensure that the two of you receive the greatest possible total number of points?
(i.e. which choice maximizes the sum of the points that you and your co-player
receive?)

5. Given the above how may we classify the role of the ’cooperate’ strategy in
increasing overall wealth?

In the control version, the neutral narrative, participants see no subtitle to the
experiment title. The general introduction states that the experiment is a study on how
we make strategic choice and uses “participant” to refer to all players. There is no text
before the control questions and the control questions points to dominant strategies and
to the benefit of cooperation without any normative wording. Finally there is no
normative wording in the follow-up questions during the game.

In the third version, the defect narrative, participants are primed to think about a
competitive situation and we introduce a normative component by using game theory to
refer to the defect strategy as “rational”. Participants are exposed to the defect
narrative in five ways during the experiment. First, the title is accompanied by a small
subtitle: “A study on rationality”. Second, the general description starts with the
sentence “Welcome! You are about to take part in a study on rationality.” and uses
“your opponent” instead of “an other participant”. Third, participants are presented
with a short descriptive text prior to answering the control questions, introducing the
concept of rationality. Fourth, control questions 3-5 ask the participants to think in
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terms of dominant strategies and apply “rationality” to such a strategy. Fifth, the
follow-up questions during the games ask participants to classify the random
neighbour’s strategy as rational or irrational. The text before the control questions in
the version with the defect narrative is:

A concept of particular interest in this study is the notion of rationality.
In game theory, we say that it is rational for a player to choose a strategy,
if the strategy is guaranteed to result in a greater payoff to the player,
regardless of which strategy their opponent plays. Conversely, we say that it
is irrational for a player to choose a strategy that does not guarantees the
highest possible payoff (regardless of what the other player chooses), if a
strategy that does so is available. The following contains a few control
questions to ensure that you understand these concepts and their relation to
the game.

With control questions:

3. If your opponent plays ’cooperate’ in a given round, which strategy should you
choose to ensure that you get the greatest possible number of points?

4. If your opponent plays ’defect’ in a given round, which strategy should you choose
to ensure that you get the greatest possible number of points?

5. Given your answers to the above, how would the ’defect’ strategy be classified
according to game theory?

Unknown to the participants, they do not play against other participants. Instead,
the computer randomly chooses “cooperate” or “defect” in each round. This is done to
ensure that a potential effect of narrative priming can be distinguished from an effect of
meeting more people who cooperate or defect respectively. The information after each
round concerning a random participant and their pay-off during the previous round of
the game is also randomly generated by the computer. At the end of the experiment,
participants are informed about the deception and the reason for it in a debrief form.

3.2 Data source 1: MTurk

344 people participated in the study. In order to secure data quality, only high rated
MTurk workers were allowed to participate [99–101]. No demographic restrictions on
workers were made [99]. The study ran in November 2018 and all participants had
completed the study within one day of launching it. Participants were paid 2 USD as a
base rate for participating. In addition, they earned 10% of the points they collected in
USD. The average earnings were 3.7 USD with a minimum earning of 2.0 USD and a
maximum earning of 5.6 USD. The median earning was 3.6 USD. Of the 344
participants, 72 reported that they have played a similar game previously.

3.3 Data source 2: BRL

466 people participated in the study. Of these, 402 state that they are currently
studying (either full time of part time), 311 identify as female, 154 as male, and 1
identifies as other. The age of the participants is between 18 and 72, with an average
age of 24.3 and a mean age of 22. Looking at participants educational background, 77
participants associate with one of three degrees that include at least two years with
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economics courses at LSE. The degrees are Economics, Finance, and Accounting.2 In
this group of participants, 51 are females and 26 males. The researchers and assistants
did not know the educational background of or any other non-observable demographic
background information on participants during the study. Of the participants
associating with an educational background in economics, 22 reported to have played a
similar game earlier. This number is 55 for participants who do not associate with one
of the 3 economics-heavy degrees. For simplicity, we call the first group “economists”
and the second group “non-economists”, well knowing that these are simplifying labels.

The experiment was conducted in the first week of December 2018. Participants
completed the study in sessions of up to 20 people at a time. We conducted up to 7
sessions per day, each taking place within an allotted time frame of 30 minutes. Before
each session, participants were greeted with the same welcome asking them to read the
instructions with care; emphasising the short duration of the actual experiment. In 3 of
the sessions less than 10 people signed up. To make the study plausible, researchers and
research assistants pretended to be participants, so that it would not seem impossible
for the participants to play 10 rounds against different people once the experiment
started. Participants were allowed to join a session up to five minutes after start. This
meant that no participants were allowed to join the study after people started playing
the prisoner’s dilemma game.

All participants signed a consent form at the beginning of the experiment informing
them that they were free to leave at any time without loosing their base pay. If they
had problems understanding the experiment during the session, they could raise their
hand and a researcher or research assistant would come and help them. In these cases,
researchers and assistants took care only to answer clarificatory questions. After end
study participants collected their earnings in cash. Here, they were able to talk with the
researchers and ask questions or raise concerns they might have. No participant raised
any issues with the conduct of the study.

Participants earned a base pay of 5 GBP for participating in the study. In addition
they earned 10% of the points they collected during the game in GBP. The average
earnings were 6.7 with a minimum earning of 5.6 and a maximum earning of 8.2. The
median earning was 6.7.

4 Results and analyses

In this section we analyse the results from the experiment on narrative priming with
regard to our two research questions. In the first subsection we explore the effect of
narrative priming in the data set. In the second subsection we test for different
influences of narrative priming for people who are already acquainted with the defect
narrative. Results in the first subsection is based on our entire data set. In the second
subsection we restrict the data set to the BRL data source where we have more
demographic data on participants. The results of our analyses are discussed and related
to the literature in section 5.

2Looking at the LSE course description for undergraduates, only degrees that have “economics”,
“finance”, or “accounting” in their title have two or more years with economics courses. Thus, we hypoth-
esise that this group will have been exposed more to microeconomic theories than other participants.
The measure is limited since it is possible for people on master’s level to have had economics in their
undergraduate degree and changed to another degree at master’s level. This limitation, however, will
only make our results stronger, if there is a significant difference between the two groups. Notice that
participants are not able to report degrees that combine fields of study, and thus have to select the one
programme they identify the most with.
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4.1 Narrative priming significantly affects participants’
behavior

Data source 1: We first consider the part of the data set obtained from MTurk. Using
a Kruskal-Wallis test we see that MTurk participants are significantly affected by the
presence of a narrative, with a p-value of p = 0.00003. By performing a post hoc
analysis with a one tailed Conover-Iman test [102], we further see that participants
cooperate significantly more when they are exposed to the cooperate narrative
compared to the neutral narrative with p = 0.039. Further, we see that participants
defect significantly more when they are exposed to the defect narrative compared to the
neutral narrative, with p = 0.0013. Finally, participants defect significantly more in the
defect narrative compared to the cooperate narrative with p = 0.0000027. Performing
a linear regression analysis using the narratives and a binary variable denoting whether
participants had experience playing similar games as input variables, and the total
number of defections as the target variable, we see that MTurk participants with
previous experience defected a significantly greater number of times (one-tailed t-test,
t = −3.034, p = 0.0013).

Data source 2: Next, we consider the part of our data set obtained from BRL.
Using a Kurskal-Wallis test on data from BRL, we see that BRL participants are
significantly affected by the presence of a narrative, with p = 0.00014. Doing a post hoc
analysis, we see that participants cooperate more in the cooperate narrative compared
to the neutral narrative, though the p-value of p = 0.11 shows that the effect is not
significant. In alignment with our expectations, we see that there is a significant
difference between the neutral narrative and the defect narrative (p = 0.00004) as well
as between the cooperated narrative and the defect narrative (p = 0.00000012), with
people defecting more in the defect narrative.

In order to control for other variables, we use regression analyses to test for the
effects of gender, student/non-student, age, previous experience, and economics
education. We first run a logistic regression on participants’ choices in the first round.
Second, we run a linear regression on how many times people defect in all 10 rounds.
Four participants are excluded in these regression analyses for not having specified one
of the variables we control for.3 When controlling for the narratives, both analyses show
that participants with an economics education defect significantly more (p = 0.0015 and
p = 0.00068). We also observe a significant effect of age, with younger people defecting
more (p = 0.025 and p = 0.01). We see a small effect of having previous game
experience, but only in the first round of the game (p = 0.034). The effect disappears
when all 10 rounds of the game are considered (p = 0.12). Performing a linear regression
only considering whether experience has an effect on the amount of defection, while
controlling for narratives, the effect of experience completely disappears with p = 0.705.
We find no effect of participants’ student status (p = 0.995 and p = 0.975) nor of
participants’ gender (p = 0.868 and p = 0.288).

Comparing the two data sources: In order to compare data from the two data
sources we conduct a linear regression analysis on the number of times participants
defect in the 10 rounds. We consider the effect of data source while controlling for
narrative effects. The analysis shows that there is a significant effect of the data source
with BRL participants defecting more (p = 0.042). However, this effect disappears when
we remove people with an economics education from the BRL data set (p = 0.46). This
suggests that the two data sources are comparable when economists are removed from
the data set. Excluding economists from the data set, we see a significant increase in
the amount of cooperation when comparing the neutral narrative to the cooperate

3One participant specified their gender as “other”, one participant did not submit their age, and two
participants replied “N/A” to whether they had previous experience with playing similar games.
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narrative (p = 0.029). We further see a significant increase in defection when we
compare the neutral narrative to the defect narrative (p = 0.000008), and the cooperate
narrative to the defect narrative (p = 0.0000085). This confirms our expectations that
narrative priming has an effect on participants’ strategic choices and that participants
are more likely to defect in the defect narrative and more likely to cooperate in the
cooperate narrative.
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Fig 1. Amount of cooperation in the three narratives. Left: The average
amount of cooperation in the three narratives, cooperate, C, neutral, N, and defect, D.
Right: The average amount of cooperation in the three narratives for each of the 10
rounds the participants played. Data source: entire data set, excluding the 77
participants with an economics background.

The effect of the different narratives on how many times participants cooperate in
the 10 rounds is shown in Fig 1. The left plot shows the average number of times
participants cooperate out of the ten rounds for the cooperate, neutral, and defect
narrative respectively. In alignment with the analysis, we see a difference between all
three narratives but with the largest difference between the defect narrative and the
other two narratives. The right plot shows the average amount of cooperation in each of
the three narratives per round played. We see that cooperation decreases with the
number of rounds played, but that the difference between the amount of cooperation in
the three narratives are maintained. Especially, when we compare the defect narrative
to the other two narratives. Fig 1 is based on the entire data set, including both data
from MTurk and data from BRL, but without the 77 participants from the BRL data
source with extensive economics education. Notice that all effects of the narratives are
more significant when economists are also included in the data set.4

Finally, we test whether an increase of T in the payout matrix increases participants
amount of defection. We first perform a logistic regression on the first round and second
a linear regression on all ten rounds. We control for the effects of narratives in both
regressions. The logistic regression shows a significant effect of increases in T with

4The one-tailed p-values for the entire data set are p = 0.019 from cooperate to neutral, p = 0.00000037
from neutral to defect, and p = 3.5 ∗ 10−12 from cooperate to defect. The p-values for BRL participants
with a profound economics education are p = 0.065, p = 0.009, and p = 0.000032 respectively.
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p = 0.000088. The linear regression also finds a significant effect of increases in T
(p = 0.024), though it is smaller when all 10 rounds are considered.

4.2 Narrative primes can mitigate and enhance behavioural
effects on people already embedded in a narrative

In order to see how the effect of narrative priming changes when people are already
acquainted with a narrative, we analyse the differences between BRL participants who
associate with a degree having at least two years with economics courses and BRL
participants who associate with other educational backgrounds. First, we consider the
effect of being primed with a narrative for the two groups. We conduct the analysis
using a Kruskal-Wallis test. According to the test, both economists and non-economists
are significantly affected by the narrative, with p-values of p = 0.00049 and p = 0.00014
respectively. Doing a post hoc analysis with a one-tailed T-test we see that the amount
of cooperation does not increase significantly for economists when going from the
neutral narrative to the cooperate narrative (p = 0.065). However, it does increase
significantly for non-economists (p = 0.03). Going from the neutral narrative to the
defect narrative significantly increases defection for both economists and non-economists
(p = 0.009 and p = 0.000008). Finally, there is a significant increase in the amount of
defection for both groups when going from the cooperate narrative to the defection
narrative (p = 0.000032 and p = 8, 5 ∗ 10−10).

To test whether economists and non-economists are equally influenced by the
cooperate and defect narratives, we first perform a logistic and a linear regression on
the amount of defection in the first round and overall for the two participant groups,
respectively, while controlling for narratives. Second, we perform a Welch-Satterthwaite
T-test to see if there is a significant difference between the weights assigned to the two
narratives for economists and non-economists respectively. The test show that there
are no significant differences in the change of defection in first round between the two
groups in the cooperate narrative compared to the neutral narrative (p = 0.49) nor in
the defect narrative compared to the neutral narrative (p = 0.67). Similarly, we find no
significant difference in the change of defection overall between the two groups with
p = 0.84 for the cooperate narrative compared to the neutral narrative and p = 0.85 for
the defect narrative compared to the neutral narrative. Thus, contrary to our
expectations and the results of Ifcher and Zarghamee 2018 [71], economists and
non-economists are equally influenced by narrative priming. This result can also be seen
in Fig 2, where the mean number of defections for the two groups are plotted for each
narrative and a linear regression is plotted to see the changes for the two groups across
narratives, with a slope of 0.927 for economists and 0.731 for non-economists.

Looking at Fig 2 we observe a difference in the mean defection between economists
and non-economists for all 3 narratives. This difference in amount of defection is also
evident in Fig 3 where the distribution of defections in the 10 rounds are shown for the
two groups for each narrative.

Testing for the difference in defection rate, we conduct a Mann-Whitney U-test for
differences in median amount of defection in the 3 narrative for economists and
non-economists. We see a significant difference in the defect narrative (p = 0.000243)
and in the neutral narrative (p = 0.0284) but not in the cooperate narrative (p = 0.105).

To see why economists defect more than non-economists, we consider whether they
are more influenced by an increase of T in the payoff matrix. Using a logistic regression
for first round and a linear regression for all rounds, we see that there is no significant
effect of T for economists on how much they choose to defect (p = 0.911 and p = 0.422
respectively). Since we already know that there is an effect of education when
controlling for age, gender, and experience, the results are consistent with the
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Fig 2. Mean defection per narrative for economists and non-economists
respectively. The mean amount of defection in 10 rounds shown per narrative
(cooperate, neutral, defect). The blue dots represent the 77 economists from the BRL
data source while the red dots represent the remaining 389 participants from the BRL
data source. The dotted lines are linear regression made between the narratives for the
two groups.
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Fig 3. Amount of economists and non-economists defecting 1-10 times per
narrative. Histograms showing the frequency of economists and non-economists from
the BRL data source defecting 1-10 times for the 3 different narratives.

hypothesis that the additional amount of defection observed among economists is due to
their educational background.

Considering the literature on economics students, Carter and Irons 1991 suggest that
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one reason why economists might defect more is that they are better at logic, and thus
have a better understanding of the game [70]. In order to test for this hypothesis, we
look at Pearson correlations between the amount of defection for an individual and the
number of wrong answers in the follow-up questions the individual makes during the 10
rounds of the game. For economists, number of mistakes and amount of defection is
positively correlated in the cooperate narrative and negatively correlated in the neutral
and defect narrative. However, none of the p-values are significant (p = 0.978, p = 0.135,
and p = 0.451 respectively). For non-economists the amount of defection is positively
correlated in the cooperate narrative and neutral narrative with non-significant p-values
of p = 0.237 and p = 0.885 respectively. However, we observe a significant negative
correlation between amount of defections and number of mistakes in the defect narrative
(p = 0.000909), suggesting that the more non-economists defect in the defect narrative,
the better they are at answering the follow-up questions, asking them to use words from
the defect narrative (i.e. that it is rational to defect). When we compare economists
and non-economists, we see that there is no significant difference between how much
their defection rate is correlated with number of mistakes in the 3 narratives (p = 0.671,
p = 0.149, and p = 0.461). The Pearson correlations are shown in Fig 4 in the upper left
plot.

Second, we test if we can see a difference in how much time participants spend
before making their answer to a follow-up question. We use Pearson correlations to test
whether there is a correlation between how much an individual defect in the 10 rounds
and the median time the individual spend answering the follow-up questions in the 10
rounds. For economists there is a significant negative correlation in the cooperate
narrative (p = 0.0041), suggesting that participants who defect more are better at
applying the cooperation narrative to their actions (i.e. to say that defection is
suboptimal). The correlation is negative and non-significant (p = 0.339) in the neutral
narrative and positive and non-significant in the defect narrative (p = 0.703). At first
sight, this might suggest that economists who defect a lot are better at applying
value-laden terms from the cooperate narrative than from the defect narrative. However,
the number of economists who defect a lot in the cooperate narrative is smaller than in
the defect narrative. Thus, the difference may simply be due to there being a few very
quick defectors in all narratives, and that their data drown in the defect narrative
because many more participants defect a lot there.5 For non-economists there is a
negative and non-significant correlation in the cooperate narrative (p = 0.0811), and a
positive and non-significant correlation in the neutral narrative (p = 0.113). In the
defect narrative we see a positive and significant correlation (p = 0.00202), suggesting
that the more non-economists defect, the more time they spend on their answer to the
follow-up questions. This fits well with the previous result that this group of
non-economists also makes fewer mistakes in the follow-up questions. Comparing
economists and non-economists we find no significant difference in the Pearson
correlations for the cooperate narrative (p = 0.358) or for the defect narrative
(p = 0.11). However, we do find a small significant difference for the neutral narrative
(p = 0.0443). The Pearson correlations are shown in Fig 4 in the upper right plot.

As a sanity check we consider the Pearson correlations between the number of
mistakes an individual makes in the follow-up questions during the 10 rounds and the
median time the individual spends before making their first reply to a follow-up
question. For economists the time spent before answering is positively correlated with
number of mistakes in the cooperate narrative (p = 0.891) and in the neutral narrative
(p = 0.0161). It is negatively correlated in the defect narrative (p = 0.817). For
non-economists time spend on answering and number of mistakes made are negatively
correlated and significant in the cooperate narrative (p = 0.0379) and in the defect

5We will return to this point later in our analysis of pure defectors.
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narrative (p = 0.0.0000254). It is positively correlated and non-significant in the neutral
narrative (p = 0.456). Comparing economists and non-economists, we only see a small
significant difference in their Pearson correlations in the neutral narrative (p = 0.0443).
The Pearson correlations are shown in Fig 4 in the lower right corner.

Finally, we consider the Pearson correlations between how much an individual defect
and the median time spend on making a decision during the 10 rounds of the game.
Contrary to what one might expect from dual-process theory [64,65,67], no significant
effects are found for economists or non-economists in any of the narratives.6. Further,
we do not see any significant differences between the two groups (p = 0.279, p = 0.988,
and p = 0.267). The Pearson correlations are shown in Fig 4 in the lower left plot.

0.5

0.0

0.5

N Defect vs. n errors
Econ
BRL, other

N Defect vs. followup time

C N D

0.5

0.0

0.5

N Defect vs. move time

C N D

N Errors vs. followup time

Fig 4. Correlations between the amount of defection, number of mistakes,
follow-up time and move time. Upper left: Pearson correlations for each narrative
(C: cooperate, N: neutral, D: defect) on how much an individual defect and how many
mistakes in the follow-up questions the individual makes. Upper right: Pearson
correlation between how many times an individual defect and the median time the
individual spend before replying to the follow-up questions after each game. Lower left:
Pearson correlations between how much an individual defect and the median time the
individual spend making a decision in the game. Lower right: Pearson correlation
between how many mistakes an individual makes in the follow-up questions and the
median time the individual spend before replying to the follow-up questions after each
game. All correlations are made for economists and non-economists respectively from
the BRL data source.

Given the above analysis, we find no clear evidence of an alternative reason that can
explain why economists defect more than non-economists.

Looking at Fig 3 again, we see that besides defecting more, there is a distinct
increase in the amount of economists who defect 10 out of 10 times in the defect
narrative. We end this section by a short analysis of the subset of pure defectors for
economists and non-economists in the 3 narratives.

The upper left plot in Fig 5 shows the fraction of pure defectors for economists and
non-economists in each narrative. For non-economists the fraction is 0.2 in the

6Economists: p = 0.0657, p = 0.987, p = 0.748. Non-economists: p = 0.11, p = 1, p = 0.0527
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cooperate narrative, 0.21 in the neutral narrative, and 0.31 in the defect narrative.
Thus, we see a small and non-significant increase in the number of pure defectors for
non-economists between the cooperate and the defect narrative (p = 0.179 with a
χ2-test). For economists, the fraction is 0.16 for the cooperate narrative, 0.33 for the
neutral narrative, and 0.65 for the defect narrative. Thus, we see a large and significant
increase in the number of pure defectors for economists between the cooperate and
defect narrative (p = 0.0362 with a χ2-test). To test whether there is a difference in the
number of pure defectors for economists and non-economists in the 3 narratives, we
perform a χ2-test. We see that there is no significant difference in the cooperate and
neutral narrative on the number of pure defectors in the two groups (p = 0.93 and
p = 0.54 respectively). In the defect narrative, however, we see a significant difference in
the number of pure defectors in the two groups with p = 0.0356. To verify the results
we perform a Welch-Satterthwaite T-test on the likelihood of observing the different
fractions of pure defectors in the two groups, assuming that they are similar. Again we
see no significant differences in the cooperate and neutral narrative (p = 0.676 and
p = 0.158), but we do see a significant difference in the defect narrative with
p = 0.000416. Notice, however, that the large number of economists who are pure
defectors in the defect narrative can be explained by the fact that economists in general
defect more than non-economists. Thus, even though non-economists are as affected as
economists by the defect narrative, they will not generally tend to become pure
defectors.

To test whether the significant fraction of economists being pure defectors in the
defect narrative is due to their general higher defection rate or due to something
different, we see if we can find a variable that can predict whether economists defect 10
out of 10 times. Using logistic regression, we consider the variables gender, experience,
and age while controlling for the effect of the two narratives. The results show that the
only variable that is significant is whether the economists are in the defect narrative
(p = 0.015, with gender: p = 0.211, experience: p = 0.222, and age: p = 0.361). We
further conduct a logistic regression to see whether T can have an impact on economists
choosing to be pure defectors. Again, we see no significant effect of T (p = 0.791). Thus,
the results do not contradict the hypothesis that the increase of economists who are
pure defectors in the defect narrative is due to the effect of the narrative and their
general higher base rate of defection.

The right column in Fig 5 show the median time spend on follow-up questions for
economists and non-economists split as pure defectors and participants who defect less
than 10 times. Here we see the same pattern as observed the Pearson correlations,
namely that economists who are pure defectors in the cooperate and neutral narrative
tend to spend less time on answering the follow-up questions. As already mentioned,
the reason that we do not see this pattern in the defect narrative may be the increase of
pure defectors for economists in that narrative. The two bottom plots in the left column
show the average number of mistakes made by pure defectors and participants who
defect less than 10 times for each of the 3 narratives for economists and non-economists
respectively. Again, we see no significant differences, except for non-economists in the
defect narrative.

Summing up, our analyses show that economists are equally likely to be influenced
by narrative priming compared to non-economists. Further, we see that economists
defect significantly more than non-economists in the defect and neutral narrative. The
difference in the cooperate narrative is not significant. We next test for factors that
might explain the differences in amount of defection. We find that the difference cannot
be explained by gender, age, or experience. Also, we see that economists are no more
influenced by T than non-economists. Testing for the amount of errors made in the
follow-up questions, the time spend on follow-up questions, and the time spend on
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Fig 5. Analyses of pure defectors Upper left: The fraction of economists and
non-economists defecting 10 out of 10 times for each narrative. Middle left: Average
numbers of mistakes in the follow-up questions for economists who defect 10 out of 10
times (grey) and economists who do not for each of the 3 narratives. Bottom left:
Average numbers of mistakes in the follow-up questions for non-economists who defect
10 out of 10 times (grey) and non-economists who do not (red) for each narrative.
Upper right: Median time spend on follow-up questions in the cooperate narrative for
economists and non-economists, split into participants who defect 10 out of 10 times
and participants who do not. Middle right: Median time spend on follow-up questions
in the neutral narrative for economists and non-economists, split into participants who
defect 10 out of 10 times and participants who do not. Lower right: Median time spend
on follow-up questions in the defect narrative for economists and non-economists, split
into participants who defect 10 out of 10 times and participants who do not. Data is
taken from the BRL data source only.

choosing a strategy in each round of the game, we find no interesting differences
between economists and non-economists in the 3 narratives. Finally, we consider
whether the increase of pure defectors for economists in the defect narrative is due to
their observed higher rate of defection or due to some other variables. We find that
gender, age, experience, and T are not significant predictors of whether economists
defect in all rounds. Thus, the hypothesis that the increased amount of pure defectors
observed for economists in the defect narrative is due to the effect of the narrative and
their general higher defection rate compared to non-economists is consistent with data.
In the next section we consider how the experimental results relate to the literature and
to our expectations of the effects of narrative priming.
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5 Discussion

5.1 Narrative priming can convey information about social or
personal norms to individuals

The first question we want to answer is whether narrative priming has an effect on
peoples’ behaviour. To do this, we consider how many times participants who are
exposed to a narrative prime defect in a 10-round prisoner’s dilemma game. We find a
significant increase in cooperation when people are exposed to the cooperate narrative
compared to the neutral narrative in the MTurk data source and in the entire data set
both when economists are included and excluded. We do not see a significant increase
in data from the BRL data source when economists are included. We also find a
significant increase in defection when people are exposed to the defect narrative
compared to the neutral narrative for both data sources considered separately and for
our entire data set. Thus, we see that there is a significant difference in the choices of
participants who have been exposed to different narrative primes. This is contrary to
the findings of Engel and Rand 2014, who observe a significant effect of a competitive
framing but not of cooperative framing [39]. In alignment with their results, however,
we do see a smaller effect of the cooperate narrative compared to the defect narrative
when compared to neutral. Looking at the BRL data source, the effect of narrative
priming remains when we control for age differences and previous game experience.
Gender, student status, and the size of T in the payout matrix have no influence on how
much participants decide to defect.

As mentioned in section 2.3, narrative priming per definition contains the elements
needed to convey information about the presence of a social norm. Thus, social norm
theory gives us a viable explanation for why narrative priming affects participants’
choices. Referring to social norms can also explain why we see a smaller influence of the
cooperate narrative compared to the defect narrative. First, as Engel and Rand 2014
and the work on dual-process theory suggest, participants may have a cooperate
heuristic that they have incorporated as default due to the fact that cooperation is
expected or beneficial in other every-day situations [39,42,64,65]. If this is correct, it
suggests that the reason we see a smaller influence of the cooperate narrative is that
participants use the same norm to determine how to act in the neutral narrative, even
though they have not been primed to use it. Second, if participants already assume the
existence of a cooperation norm, this norm can include the expectation that other
participants or people will be willing to sanction them if they do not follow the norm.
Being primed with the defect narrative may be an indication that it is accepted to
defect in this situation, and thus that people who do defect need not fear any kind of
sanction because of it [103].

The second question we consider is whether participants, who are already acquainted
with a narrative, are influenced by narrative priming to the same extend as participants
who are not already acquainted with a narrative. In order to answer this question, we
first identify a group of participants who qualify as being already acquainted with the
defect narrative. Building on the literature on how economics students choose compared
to other students and Ifcher’s and Zarghamee’s 2018 result that exposure to a
normative microeconomic lesson make people defect more in a prisoner’s dilemma game
independently of their background, we theorize that participants associating with an
economics education qualify as being already be acquainted with the defect
narrative [71].

To test whether this is the case, we consider our data from the BRL data source. We
see that participants who associate with an educational degree containing at least two
years with economics courses differ in the number of times they defect compared to
participants associating with other degrees. This difference is significant for the neutral
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and defect narrative, but not for the cooperate narrative. In order to test whether the
difference is due to participants’ educational background or something else, we conduct
a series of follow up-analyses on BRL participants, seeing if factors like number of errors
made in the follow-up questions or the speed of making a choice in a round of prisoner’s
dilemma or answering a follow-up question for an individual is correlated with how
much that individual defects in the narratives. The analyses show no interesting
patterns. Further, we consider whether it is possible to predict when participants defect
10 out of 10 times from other factors than their educational background and which
narrative they are in. Again, we find no alternative explanation. Based on this, we find
it reasonable to assume that studying or having studied an economics heavy programme
will acquaint people with the normative assumptions in microeconomics and thus with
the narrative present in the defect narrative. This makes the group of economists in
our experiment ideal to help us answer the second question. Analysing the degree to
which economists and non-economists are influenced by the different narrative primes,
we see that the two groups are equally affected by the primes, when controlling for their
different base amount of defection (given by the neutral narrative). This result is
contrary to the findings of Ifcher and Zarghamee 2018, who observe that economists are
more effected by a normative lesson in microeconomics (containing the same elements as
our defect narrative) compared to non-economists [71]. It is also contrary to what one
might expect, given research on the difficulty of influencing people with strong social
and personal values [25,58–60].

Relating our findings to the literature on social norms, social norm theory explains
the additional amount of defection observed for economists with them having adopted
or being aware of a social norm of self-regarding behaviour. This is in alignments with
the findings of Gerlach 2017, Cappelen et al 2015, and Frey and Meier 2003, who all
find that one reason economists behave differently is that they expect their peers to
behave in that same way [72,90,94].

Thus, our study shows that people can be influenced by narrative priming. It also
shows that this influence is present independently of whether people have already
adopted one of the narratives. Finally, we see that it is possible to mitigate the
influence of one narrative by presenting people with the counter narrative.

5.2 Limitations and suggestions for future research

One obvious difference between the current experiment and other similar experiments is
that participants in our experiment are unable to affect each others choices and thus,
for example, make cooperation hubs. The experiment is designed this way in order to
secure that the effect of narrative priming can be distinguished from any potential
effects of players’ game history. An interesting follow-up study would be to consider the
effect of narrative priming when people are allowed to play against each other. This is
relevant both when all participants are primed with the same narrative and when
participants are primed with different narratives.

As noted in section 4.1, when controlling for economists, there is no significant
difference between the data collected from the MTurk data source and the data
collected in the behavioural research lab. In alignment with several studies conducted
on MTurk data quality, we find that MTurk is a viable source of good data,
remembering that it might be necessary to control for certain demographic factors that
one’s experiment can be sensitive to [26,100,101,104–108].

6 Conclusion

Our findings show that narrative priming including
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1. a value-laden description of a choice option and

2. situational cues that highlights specific elements of the current situation eluding to

(a) an well-known narrative or

(b) similarities between the current situation and other context where such
narrative is known to exist,

have a significant effect on the number of time participants defect in a 10-round
prisoner’s dilemma game. Specifically, priming participants with a cooperate narrative
makes them cooperate significantly more compared to the control, while priming
participants with a defect narrative makes them defect significantly more compared to
the control. Second, we find that participants who are already acquainted with the
defect narrative through an economics education generally defect more than other
participants. We find no explanations for this difference besides their educational
background. Considering the influence of narrative priming on economists compared to
non-economists, we see that the two groups are equally influenced by narrative priming.
These results suggest that it is possible to affect peoples’ choices in a positive direction
with the use of narrative primes, and that narrative primes can be used to influence
behaviour of people already acquainted with a counter narrative.
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Scientific findings are increasingly being communicated to wider audiences via popular me-

dia 1–4 Economic theory in particular is thought to influence markets and decision processes

5, 6, and possibly the general population through the creation of social norms7. Experimental

investigation of this is difficult, as behaviour related to social norms can be inhibited or am-

plified through interactions between agents embedded in social networks8–10. Understanding

the role of scientific models in the initialisation and perpetuation of social norms thus requires

understanding of the interplay between terminology, agent-level decision heuristics, and so-

cial network structure. Here we show that microeconomic terminology can produce social

norms and behaviours which become greatly amplified by having multiple agents interact

on a network. In subjects playing a prisoner’s dilemma game, we find that terminology sig-

nificantly alters behaviour, along with normative and empirical expectations to other actors,

consistent with behaviour related to a social norm8. We then fit mathematical agent-level de-

cision models and simulate their interactions on a social network constructed from real data

obtained in a large-scale experiment11. We find that the social network greatly amplifies this
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influence, and that the effect from different terminologies can drive the system between states

of complete cooperation or defection. These findings highlight our responsibility to view sci-

ence not just a lens through which we observe reality, but as an active actor in society. We

are hopeful that these findings will be of use in considering both the designs of experiments

in behavioural sciences and popular science communication.

Introduction

For decades, the Prisoner’s Dilemma game (PDG) has been used as a metaphor for the problem

of cooperation, as the game pits an agent’s self-interest against the common good. As the strategy

of defecting dominates the strategy of cooperation in any given game, a pure cooperation strategy

is not evolutionarily stable in a fully mixed model12–14. Much research has been done towards un-

derstanding the evolutionary feasibility of more complex strategies, such as the tit-for-tat strategy,

which allows agents to choose their next move based on their immediate history15–17.

Another line of research has investigated the effects of abandoning the fully mixed model

and instead model agents as embedded in a spatial network structure and continually updating

their strategies using heuristics that take into account information about agents in their immediate

vicinity, allowing local regions of cooperators to form18. Such heuristics can be deterministic,

such as having agents consider the strategies played by themselves and by each of their neighbors,

and adopting the strategy which yielded the greatest payout in the previous round, or they can

by stochastic, adopting a strategy from a set of candidate strategies with probabilities which are

increasing functions of previous payouts.
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Initially, the embedding network of choice was a simple cyclical two-dimensional lattice19,

with later research on Barabási–Albert (BA) Scale-Free networks, seen as more representative of

real-life networks20–22. Initial findings showed that BA networks supported robust populations

of cooperators21, 23, in part due to the emergence of stable hubs of cooperators24, 25. Subsequent

research has identified specific simulation implementation details which act together with the net-

work type to influence simulation results. For example, complete synchronicity (updating the

strategies of all nodes simultaneously) is beneficial for cooperators, when using a deterministic

update heuristic, and detrimental otherwise26–28. This, along with using summed, rather than

averaged, payouts in update heuristics21, led to an inflated stability of cooperator hubs in BA

networks25, 29. Attempts to model update heuristics on real data resulted in models which gave

little weight to the neighbors of the agent updating their strategy, and for this reason resulted in

simulations in which the network structure had no effect on the results30, 31.

We have previously investigated the effects of the choice of terminology on behaviour in

a PDG in a laboratory setting, and observed significant changes in behaviours. Specifically, us-

ing terminologies which placed an emphasis on collectivism/individualism was associated with

significantly increased tendencies to cooperate and defect, respectively. Here, we investigate to

which extent this induces behaviour can be seen as social norms by testing whether the change

is conditional on (a) empirical expectations (expecting others to do something) and (b) normative

expectations (expecting that others expect you to do something)8. Such norms are very sensitive

to reductions in empirical expectations in particular, some measure of ‘perceived ubiquity’ is es-

sential to having norms sustained over time9, 10. Social networks might make a given behaviour

3



a b c

d e f

Figure 1: Conceptual illustration of the two norm measures. Descriptive social norms are characterized

by a perceived ubiquity of a given pattern of behavior. Such perception can arise through the behaviour being

widespread globally, or locally around the agent perceiving the norm. Figs a-c show globally increasing

frequencies of a behaviour represented by dark blue nodes. Figs d-f show increasing degrees of clustering

of behaviors while leaving the overall distribution unchanged. The network used is a random subgraph of

the text message network from the Sensible DTU experiment.

seem ubiquitous to agents embedded in the network through two mechanisms. One is through a

cascading effect, in which an induced behaviour spreads quickly throughout the network and be-

comes globally widespread32. Another is through homophily, i.e. be causing agents following the

behaviour in question to cluster together disproportionately, thus creating regions in the network

in which the behaviour is locally widespread33. These mechanisms are illustrated in figure 1.

Therefore, we also investigate how various network structures may interact with the effects

of terminology to produce situations that allow for the sustaining of social norms.
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Results

Terminology may initialize norms on an individual level We had subjects play 10 rounds of a

PDG, which we asked them to describe using 3 different sets of terminologies - a collectivist termi-

nology (C), in which collaboration was presented in a positive light, an individualist terminology

(I), which placed emphasis on self-interested actions, and a neutral terminology (N), where neither

strategy was emphasised. We observed clear differences in behaviour, as subjects presented with

the collectivist and individualist terminologies, respectively, were more likely to cooperate and de-

fect. Wanting to know whether the observed behavioural changes might be due to social norms, we

conducted a short follow-up experiment designed to test whether our observations were consistent

with Cristina Bicchieri’s definition of a social norm 8, specifically that subjects prefer the given

behaviour only when they a) expect others to do the same, and b) subjects believe that they are

expected by others to partake in the behaviour. We refer to these as the empirical (a) normative (b)

expectation criteria, respectively. We probed this by asking subjects in each round of the PDG a)

what they expected the other player to do, and b) what they believed the other player would answer

to the same question.

We conducted a logistical regression on subjects’ responses to questions a) and b) in the first

round, taking into account terminology, the temptation to defect (t) - given by the payoffs in the

payoff matrix of PDG, and whether subjects had previous experience in game-theoretical experi-

ments. We found that a collectivist terminology significantly increased both empirical (p=0.047,

Z=1.68, one-tailed) and normative (p=0.0222 Z=2.04, one-tailed) expectations. For the individu-
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alist terminology, there was smaller effect for both empirical (p=0.172 Z=0.946, one-tailed) and

normative (p=0.0514 Z=1.63, one-tailed) expectations. Considering only subjects without prior ex-

perience in game-theoretical experiments, we found significant associations with normative expec-

tations for both the collectivist (p=0.0475, Z=1.67, one-tailed) and individualist (p=0.027, Z=1.93,

one-tailed) terminologies.

Figure 2 shows how compliance with the behavioural rule (cooperation for (C), defection

for (I)) increases with the number of expectation criteria that are satisfied, and how the induced

preference, compared to the neutral terminology, changes depending on whether the expectation

criteria are satisfied or not.

Network effects can amplify induced behaviours. To investigate the interactions between be-

haviour and network structure, we fitted a model to capture the decision heuristics of individual

agents (for details see the methods section and SI), and ran a series of simulated repeated games on

a variety of both real and artificial networks. Each simulation is run with a ‘narrative parameter’

ρI , which denotes the fraction of agents in the simulation which act according to the model fitted to

subjects experiencing the individualist (I) version of the experiment, whereas the remaining 1− ρI

are modelled on the subjects seeing the collectivist (C) version.

The results of this are summarized in figure 3, which shows the interaction between the

temptation parameter t and the narrative parameter ρI . We see that t increases the amount of

agents that defect in a simulation, as one would expect. The narrative parameter, however, plays a

much stronger role, and can in many cases drive the entire system between purely cooperating and
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Figure 2: Terminology can initialize a social norm. Figures a and b show the fraction of subjects cooper-

ating and defecting in each of the 10 rounds. The lines show for each round the subset of subjects for whom

none, at least one, and both of the expectation criteria are satisfied. The dashed line shows behaviour for

all subjects exposed to the given terminology. Figures c and d compare subjects for whom all expectation

criteria were, and were not, satisfied, with the corresponding group presented with the neutral terminology.

Note that the induced preference for cooperation in the collectivist terminology is conditional on the cri-

teria being satisfied, as per Biecchieri’s definition. Figures e and f show the effect sizes for the induced

preferences using the Z-score.
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defecting states.

Effects on local and global commonality The narrative parameter ρI affects both global and lo-

cal commonality measures pertaining to how likely an agent is to commonly encounter a given

behaviour because it is pervasive globally, or prevalent locally. We define measures of local preva-

lence and global pervasiveness (see methods for details) and analyzed their dependence on ρI .

The results, summarized in figure 4, show that increasing ρI increases both the prevalence

and pervasiveness of defectors, i.e. a larger fraction of the agents in the simulation begin to defect,

and defectors are more likely (regardless of that overall increase in frequency) to be connected to

other defectors.

With cooperators, increasing ρI decreases the pervasiveness of cooperators, yet greatly in-

creases prevalence. The reason for this is the interaction between the narrative parameter and the

game structure - as the number of defectors goes up, cooperation is more likely to survive if coop-

erators are cluster together in groups, as isolated cooperators will only play against defectors and

hence receive the lowest possible payout.

Discussion

Our findings lend support to the notion that the language of scientific theories has the capacity to

initialize social norms, which in turn may be amplified and sustained over time due to the social

network in which they are embedded.
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Figure 3: Interplay between game structure and narrative. Rows correspond to different networks. In

the left column, each cell in each matrix corresponds to a series of 10 simulations running for 104 iterations.

The color signifies the fraction of the simulations in which cooperators died out entirely. The outcome of the

simulations depends strongly on both the temptation to defect, t, and the narrative parameter, ρI , represented

on the x and y axes, respectively. The middle column shows the mean fraction of defectors fd averaged over

the last 5000 steps in such iterations as a function of t, for selected values of ρI , indicated with dashed

horizontal lines in the matrices in the left column. Each point represents 10 simulations for the SMS and

SL networks, and 100 simulations for the FB and BA networks. The right column shows fd as a function

of the number of steps in one simulation, for a selected value of t and a few values of ρI , corresponding to

the intersections of lines in the matrices on the left. The lines are smoothened using a Savitzky–Golay filter

with window length 400 and polynomial order 5.
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Figure 4: Influence of narrative on global and local measures of behavioural commonality. As the

narrative parameter ρI increases, agents embedded become increasingly more prone to defection. This

causes the global norm measure for defection, fd to increase, and the corresponding measure for cooperation,

fc to decrease, as shown by the dark blue lines in the left and right figures, respectively. As fd increases,

cooperators come under increased pressure to cluster together, and so the local norm measure Z (light red

line) increases for both cooperators (left figure) and defectors (right figure). The lines are guides for the

eyes.

10



We have seen that describing the structure of the Prisoner’s Dilemma game in a neutral lan-

guage, or using terminologies which place positive emphasis on communal values or self-interest,

can produce significant behavioural changes. This differs from previous research on priming and

framing effects34 in that scientific language is often viewed as objective and merely descriptive.

In contrast to this, we observe that using different terminologies, even constrained within the field

of microeconomics, can cause significant behavioural changes according to the value-laden terms

used.

It has been argued that microeconomic terminology can become a ‘self-fullfilling prophecy’

by creating social norms 7. We do indeed find that using terminology that highlights collective

values significantly increases both normative and empirical expectations in subjects, and that ter-

minology emphasizing self-interest significantly increases normative expectations among those

without prior experience in game-theoretical experiments.

Further, we find that the induced behaviours interact in non-trivial ways with various social

network structures. Most notably, we found that the difference in behaviours corresponding to

describing the PDG in a collectivist or individualist terminology is sufficient in many cases to

move the entire social system between states of pure cooperation and defection, i.e. states in

which every single agent embedded in the network follow the same behaviour.

Additionally, we find that values of the narrative parameter ρI close to the transition can result

in situations where cooperation exhibits low pervasiveness, yet high prevalence, meaning that as

cooperators become rarer overall, they exhibit increased clustering, allowing them to sustain the
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empirical beliefs necessary for a social norm of cooperation to be expressed.

Our findings provide empirical support for the thesis that scientific terminology can indeed

create social norms, which, by virtue of the behaviour associated with them, might become self-

perpetuating in real-world social networks. Our findings highlight the role of science not just as

an objective description of reality, but as an active participant in society. Especially as science

communication becomes increasingly widespread in popular media35, 36, it places a responsibility

on researchers and science communicators to be conscious of this role.

Methods

Datasets For the data collection, we built an online application using the Flask framework in

Python, and deployed it on Heroku1 . When a new user navigated to the site, they were assigned

to one of the three versions (C/N/I) uniformly at random. Users then had the PDG described to

them in a terminology laden with the corresponding situational and behavioural cues. The site also

asked users a series of control questions in which they were required to use the terminology to

describe the game. Users received two control questions intended to ensure their understanding of

the game structure, and an additional three control questions prompting them to describe the game

using their assigned terminology, in order to ensure both understanding and adoption of the ter-

minology. Users presented with the neutral terminology simply received five questions regarding

game structure instead in order to ensure a comparable cognitive load.

1Available at https://pdmt.herokuapp.com/
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After correctly answering the control questions, subjects were allowed to proceed to play the

PDG. Users were told they were playing other users, but were in reality playing against a computer,

which decided randomly between the two strategies in each round. This was done in order to ensure

independence between users in the analysis. After each round, the users were presented first with

an information box summarizing the choice of them and their opponent, as well as the payout

received by the user in that round, followed by a dialogue box describing a fictitious round played

between two other participants, asking the user to apply their assigned terminology to that round.

This was done to ensure the user be under a sustained influence of the terminology throughout the

experiment, rather than just being initially primed by it.

The data were collected in several phases. We first ran the experiment in November 2018 on

Amazon’s Mechanical Turk (MTurk) platform, with a total of 344 participants. In December 2018,

we ran the experiment in the Behavioural Research lab at the London School of Economics, with a

total of 466 participants over a five day period. Of these, 77 had a background in economics. These

were not included in the fitting of agent-based models, as their in-game behaviour was significantly

different from the remaining participants.

A third data collection phase occurred in March 2019, for which we slightly altered the site

to also prompt users for their empirical and normative expectations. This was also carried out on

MTurk, and included 200 participants.

Commonality measures In order for a behaviour related to a social norm to be sustained over time

in a social network, agents embedded in the network must experience some degree of commonality,
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i.e. they must relatively rarely encounter individuals who fail to comply with the behaviour related

to the norm. This can be due to behaviour being generally pervasive in the network, or due to a

high local prevalence in the neighbourhood of the agent. We define separate measures for these

two aspects of commonality.

Pervasiveness we measure simply by the fraction of nodes in a network which partake in

the given behaviour. The pervasiveness of cooperation and defection is the denoted by fc and fd,

respectively. The measures are defined as

fi =
ni
N
, (1)

with ni denoting the number of nodes complying with behaviour i, and N denoting the total num-

ber of nodes in the network.

In contrast with this, we measure the local prevalence by observing the number of neighbour-

pairs that share a common behaviour and comparing with a randomized graph. Specifically, we

want to measure to which degree e.g. cooperators are disproportionately more likely to be con-

nected to other cooperators in the network, regardless of the overall distribution of the two strate-

gies.

Considering a network with ne edges and N nodes, including nc cooperating nodes, and nd

defecting nodes, the probability of a random edge (u, v) linking 2 cooperators in a random graph

is

pc−c = p(uc) · p(vc|uc) =
nc
N

nc − 1

N − 1
≈ nc(nc − 1)

N2
. (2)
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Under a random null model, then, the number of cooperate-cooperate links (links connecting two

nodes that both play the cooperate strategy) follows a simple binomial distribution with

〈nc−c〉 = ne · pc−c, (3)

σnc−c =
√
ne · p. (4)

We then define the local pairing measure as the Z-score of the observed number of cooperator pairs

Z =
nc−c − 〈nc−c〉

σnc−c

. (5)

Decision Heuristics We model strategy choices using a logit function with bias terms. The prob-

ability of an agent taking action i (with i being either c for cooperate, or d for defect) according

to this model is given by pi ∝ eβwi·x, where x contains the information on which the agent bases

their choice, such as the payout resulting from their previous choice. wi is the vector of weights

corresponding to each piece of information. We fit separate vectors for the collectivist, neutral, and

individualist terminologies, and offset the biases to account for the fact that we use a weak PDG in

our simulations for comparison with the literature (see SI for details).
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1 Interplay between heuristics and network

This section provides an overview of the classes of real and artificial networks
we considered for analyses, as well as a range of possible update heuristics for
agents embedded in simulations. As simulations behave differently in each of the
relatively large number of combinations of network types and update heuristics,
we provide an overview here along with some qualitative reasons for our chosen
focus in the main paper.

The networks considered fall in one of two categories - real and artificial, i.e.
constructed using real-world data, and constructed computationally, starting
from a small set of simple rules. The artificial networks under consideration are:

• A simple 2-dimensional square lattice (SL), such as the one considered in
Nowak and May’s famous 1992 paper on evolutionary games [1]. In this
network, each node is connected only to its 4 neighbours - north, south,
east, and west, with periodic boundary conditions.

• An Erdos–Rényi (ER), in which every pair of nodes (u, v) are randomly
connected, each with an independent probability chosen as 1%.

• A Barási-Albert (BA) scale-free network [2] constructed by starting with a
set number m of interconnected nodes, and then grown using a preferential
attachment scheme in which each new node is attached to m existing
nodes with probabilities proportional to the degrees of the nodes. In the
literature, we encountered results from simulations on BA networks with
parameter choices ranging from m = 4 [3] to to m = 8 [4], leading us to
use m = 6.

All networks mentioned in the above were constructed with a size of n = 625
nodes.

In addition to this, a range of networks constructed from real-world data
were also employed. The data used to construct all such networks comes from
the Sensible DTU experiment [5] at the Technical University of Denmark. The
experiment consisted of a large number (> 800) of Danish university students,
who received smartphones which, with their consent, registered information
regarding contact patterns, sensor information, etc. The data for a one-month
observation period of this study are made publicly available1 . From this, the
following networks were constructed.

• A text message (SMS) network with any two nodes (u, v) connected if either
had texted the other during a one-month observation period, containing a
total of n = 457 nodes.

• A Facebook (FB) network consisting of n = 800, with users linked if they
were friends on Facebook.

1See https://figshare.com/s/1c0e472afc3f5c3e0f0d
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• A Bluetooth (BT) network with n = 542 nodes. This network consists of
temporal ‘slices’ of periods of one hour. During each such time slice, an
edge (u, v) is present if the corresponding users were in physical proximity
of one another during the period, as identified by the Bluetooth sensors in
their phones. Proximity was then detected by thresholding signal strengths
to RSSI values above −90dB, corresponding to distances of a few metres [6].

In addition, we considered a range of different update heuristics for agents
engaged in repeated games on various graphs. A brief overview of the heuristics
considered, as well as some descriptions of their qualitative differences, is provided
below.

a A ‘local maximum’ heuristic in which agents consider themselves and
their neighborhood, and copy the strategy of whichever node received the
greatest mean payout in the previous round.

b An ‘individual max’ heuristic, in which agents follow the same procedure
as above, but only compare themselves with a single node from their
neighborhood, which they choose uniformly at random.

c A ‘local softmax’ heuristic, in which nodes consider the payouts earned
by themselves in the previous round, and the average payout of neighbors
using the opposite strategy. If all neighbors used the same strategy as the
nodes, its strategy will not update. Otherwise, it will use the two payouts
as inputs to a softmax function which determines the probabilities of the
strategies.

d An ‘individual softmax’ heuristic similar to c but comparing the node to a
randomly selected neighbor.

e A ‘local stochastic softmax’ heuristic, similar to c, but without the con-
straint that nodes must deterministically reuse their previous strategy if
nobody in their neighborhood played the opposite strategy in the previous
round.

f A ‘individual stochastic softmax’ heuristic, similar to e, but considering
only a randomly selected neighbor.

The heuristics outlined in items a to f lead to different global dynamics on
different networks. In figs. 1 to 6 these dynamics are shown for a range of
network structures. In each figure, each row of subfigures corresponds to a
network structure. The right column of subfigures summarizes the influence
of the ‘defection temptation’ parameter t. The subfigures show the fraction of
nodes defecting after 104 simulation steps, averaged over an additional 103 steps
(red) as well as the pairing measure (gray) obtained in a similar way. The dashed
lines show the value for t resulting in the value of ρI that is as close as possible
to the midpoint between the maximum and minimum values for ρI .

For this value, t∗, an additional simulation was run for each network. The
end states after 104 are illustrated in the left columns of subfigures, with red

2



and blue denoting defectors and cooperators, respectively. The central columns
show the degree distributions of the networks, colorized based on defection
rates - for each degree, a score was computed by taking the average number of
times nodes of each degree defected in the last 103 iterations of the simulation.
The nodes were then colorized based on the ranks of those scores, with more
defection/cooperation corresponding to more blue/red colors.

The above preliminary investigations reproduce several findings from the
literature. One example is the sharp phase transition on the square lattice in
figure 1, first observed by Nowak and May. Note that the transition occurs at
slightly lower values of t, because we opted for an asynchronous update scheme
in which 10% of nodes, rather than all of them, changed their strategy in each
round. Other such findings include that under stochastic heuristics, network
structure has little to no effect [7], as shown in e.g. fig. 5. Finally, we reproduce
the finding that, when using a non-deterministic update heuristic, BA and ER
networks facilitate similar levels of cooperation [4].

In an earlier behavioral experiment from which the data we intended to fit
these heuristics to originated, participants were presented with information about
a single node in their vicinity, leading us to limit ourselves to the ‘individual’
heuristics presented above. The deterministic examples of such heuristics, such as
that described in b are ill-suited to fit to data, since a single data point can have
a likelihood of zero. At the same time, we wanted a model for individual behavior
which, like those encountered in the literature, can accommodate relatively stable
regions of cooperators and defectors. Hence, we ended up fitting a stochastic
individual softmax model like that described in item f, which we then adjusted
to have such properties. Section 2 describes these adjustments as well as the
fitting procedure.

3



La
tti

ce

Network layout

100 101

100

Degree Distribution

1.0 1.2 1.4 1.6 1.8 2.0
t

0.2

0.4

0.6

0.8

1.0

d

Temptation dependence

ER

100 101

10 3

10 2

10 1

1.0 1.2 1.4 1.6 1.8 2.0
t

0.2

0.4

0.6

0.8

1.0

d

BA

101 102

10 3

10 2

10 1

1.0 1.2 1.4 1.6 1.8 2.0
t

0.2

0.4

0.6

0.8

1.0
d

Sm
s

100 101

10 2

10 1

1.0 1.2 1.4 1.6 1.8 2.0
t

0.2

0.4

0.6

0.8

1.0

d

Fa
ce

bo
ok

100 101 102

10 2

1.0 1.2 1.4 1.6 1.8 2.0
t

0.2

0.4

0.6

0.8

1.0

d

Bl
ue

to
ot

h

100 101
10 3

10 2

10 1

1.0 1.2 1.4 1.6 1.8 2.0
t

0.2

0.4

0.6

0.8

1.0

d

10

0

10

20

30

Z

10

0

10

20

30

Z

10

0

10

20

30

Z

10

0

10

20

30

Z

10

0

10

20

30

Z

10

0

10

20

30

Z

Figure 1. Summary of the local maximum heuristic (a).
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Figure 2. Summary of the individual maximum heuristic (b).
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Figure 3. Summary of the local softmax heuristic (c).
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Figure 4. Summary of the individual softmax heuristic (d).
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Figure 5. Summary of the local stochastic softmax (e).
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Figure 6. Summary of the individual maximum heuristic (f).
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2 Models and parameter estimation

We model the choices of an individual agent as a stochastic function of variables
representing information available to the agent. We considered a group of models
called logit dynamics [8], which has previously been used in the context of
evolutionary game theory [4]. We write a general logit dynamics model on the
form

pi =
eβwi·x

Z
,

Z =
∑

j

eβwj ·x .
(1)

Here, x is an input vector representing the information based on which an agent
makes their decision, and wi is a weight vector that represents the real-valued
relative importance of each quantum of information for deciding upon choice i.
Hence, one may view

Gi(x) = wi · x (2)

as representing the degree to which the available information x favors a decision
of i to the agent. The β parameter determines the degree of stochasticity, so that
probability distribution arising from the model depends more strongly on the
Gi for large values of β. When β = 0, the choice is made uniformly at random,
independently of Gi, and in the limit where β →∞, the option i′ corresponding
to the greatest value of Gi is chosen deterministically, with ties being broken
randomly.

To allow for biases in an agent’s decision, we introduce into 1 a bias term bi,
which we add to Gi, and refer to the resulting model as biased logit dynamics
(BLD). To retain the vector notation for Gi in 1, we put the bias term as the

first element of the weight vector, w
(0)
i = bi, and let the corresponding element

of the input vector be unity x(0) = 1.
We denote the possible choice in a given round of the Prisoner’s Dilemma

game c, for ’cooperate’, and d for ’defect’. The probability distribution over the
choices is modeled in the BLD framework as:

pc =
eβwc·x

eβwc·x + eβwd·x
,

pd =
eβwd·x

eβwc·x + eβwd·x

(3)

pd =
1

1 + e−βw·x
,

pc = 1− pd,
w = wd −wc.

(4)

Based on this, we tried fitting several different models to the data:
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1. One model in which the state vector x of eq. 2 contains only information
on defecting behavior, i.e. indicator variables for whether the player and
their opponent defected in the previous round, and the payouts obtained
by the player and a random neighbor, in the event they defected. For
instance, the indicator variable denoting whether the player defected in
the previous round will be δp,d, i.e. a Kronecker delta taking the value 1
if the player defected in the previous round and 0 if not, and the payout
variable will be δp,d · fp, i.e. the player’s payout from the previous round if
they defected, and zero otherwise.

2. A similar model, but allowing separate values and indicator variables for
cooperation.

3. A model as the above, but allowing the bias term to depend on the previous
action taken by the player and their opponent.

The free parameters of each model were then fitted using the COBYLA opti-
mization method [9] to minimize the negative log-likelihood of the data given
the model. Some constraints were imposed upon the parameters to avoid per-
formance degeneracies in the parameter space - β was constrained to positive
values, and the norm of the weight vector was set to unity w = 1 to avoid scaling
invariance. The fitting procedure was repeated 10 times with parameter vectors
randomly initialized in each run to mitigate the problem of local optima. The
majority of runs converged and resulted in very similar negative log-likelihoods,
with a few outliers at greater values, confirming the necessity of multiple runs of
the fitting procedure. For the majority of runs which both converged and had
similar, low, negative log-likelihood values, the parameter vectors returned by
the algorithm were closely clustered together. This was not the case when the
aforementioned constraints were omitted, indicating that the constraints were
indeed necessary to remove parameter space degeneracies. Performance metrics
for the best fits for each model are summarized in table 1.

In addition to the models described above, two additional types of models
were attempted. One such type of models was similar to models 2 and 3 above,
but instead of incorporating a bias term in 2 the bias would be outside the
exponential function so pd ∝ α eβwd·x, turning 4 into 1

1+C e−βw·x , where C = 1−α
α .

However, this resulted in the same values of the performance metrics as models
2 and 3. We also investigated models which took history from the previous two
rounds, rather than just one, for the participants into account. This, however,
resulted in a slightly worse fit to data, as well as higher model complexities. In
addition, we tried a model that also explicitly took into account the T parameter
from the payout matrix, but this did not improve the fit quality sufficiently to
offset the increased model complexity as measures by the Akaike score.

The state vector x used to predict choices in model 3 contains an indicator
of the immediate game history H available to the player, i.e. of whether they
and their opponent cooperated or defected in the previous round, as well as
the payouts they, and a random person in their neighborhood, received from
cooperating and defecting in the previous round. We may write the state vector
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Model Parameters Log-likelihood Accuracy AIC F1

1 6 -3011 .76 6059 .83
2 10 -2777 .81 5614 .87
3 9 -2725 .86 5503 .90

Table 1. Summary of various performance metrics for the models. The table
displays the log-likelihood of each model along with its accuracy. As more
complex models would be expected to fit any data better, we also provide the
number of free parameters as well as the Akaike Information Criterion (AIC)
score [10]. As the data are unbalanced (with many more choosing to defect than
to cooperate), we also provide the F1 score for the models.

wsd wsc wnd wnc bcc bcd bdc bdd β

C .31 .28 .017 -.042 -.81 -.42 .00 -.02 3.5
N .47 .36 -.01 -.03 -.78 -.42 .052 .047 3.0
I .34 .31 .015 -.035 -.75 -.25 .17 .037 2.7

Table 2. Best parameter fits under the three different narratives.

as

x = (δH,cc, δH,cd, δH,dc, δH,dd, δs,d · ps, δs,c · ps, δn,d · pn, δn,c · pn)
′
, (5)

where δH,ij is a Kronecker delta which is 1 if the player and their opponent played
strategies i and j, respectively, in the previous round. Similarly, s and n are
used as indices of the player themselves and the random neighbor, respectively,
with p denoting payout.

As mentioned in section 1, the model requires a few adjustments after
the fitting procedure. First, the fitted heuristics display a very strong bias
towards defection, possibly because participants in the experiment played a
strong Prisoner’s Dilemma game, with a game matrix given by T = t, R = 2, P =
1, S = 0, with t lying in [2, 4], whereas in our simulations, in order to align with
the literature, we use T = t, R = 1, P = S = 1, with t in [1, 2]. Second, the
stochasticity in the fitted model leads to low stability in clusters of similarly
acting agents, and negates interesting network effects [7]. Third, in accordance
with other literature findings, experimentally determined neighbor influence is
quite low [11], which adversely affects simulations [7].

The latter obstacle we overcome simply by fixing the weights representing
the impact from neighbor payouts on an individual’s choice to the same as the
weights for the individual’s own payouts. This matches well with the literature,
in which every individual heuristic we encountered also treated payouts for the
individual in question and their neighbors on equal footing. The problem of
stability we mitigated by enforcing a rule that if an individual seeking to update
their strategy, and the randomly selected individual neighbor with whom they
compared strategies and payouts, had both followed the same strategy, the agent
would deterministically choose that strategy. Finally, to compensate for the
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wsd wsc wnd wnc bcc bcd bdc bdd β

C 0.23 0.21 0.23 0.21 -0.11 -0.049 -0.033 -0.046 4.6
N 0.26 0.24 0.26 0.24 0 0 0 0 3.9
I 0.22 0.17 0.22 0.17 0.054 0.1 0.054 -0.0072 5.7

Table 3. Adjusted parameters for the agent heuristic.

increased incentive to defect in the strong vs. weak prisoner’s dilemma game, we
shifted the bias terms so biases for the neutral data were at zero, while retaining
differences between bias terms for the three narratives. This adjustment was
performed in the following way: From β and the weight vectors w (which include
the bias terms) in eq. (4), a vector of ‘absolute weights’ V are computed as
V = β · w. These are equivalent to the weights in a e.g. a normal logistic
regression model. Notice that, as we’ve used the constraint w is L2-normalized,
we have β = |V|

For a given narrative, i, the corresponding vector Vi may be thought of as a
concatenation of the weight vector vi and a vector of biases bi, i.e. Vi = vi⊕bi.
This vector is then offset by the biases from the neutral narrative, i.e.

V′i ← Vi − 0⊕ bn, (6)

where bn represents the biases in the neutral model. We may rewrite this as
V′ = β′w′ for consistency with previous notation. The parameters for the three
models (C, N, and I) after this transformation are displayed in table 3

The models given by the parameters in table 3 are visualized in fig. 7.
In the main paper, we investigate the effects of narratives by running simu-

lations in which varying fractions of the individual agents employ the decision
heuristics based on the cooperate and defect narratives, respectively. We probe
this through the parameter ρI , which denotes the fraction of agents that are
randomly assigned to follow the model based on the defect narrative, labeled ‘I’
in fig. 7, whereas the remaining 1− ρI follow the model based on the cooperate
narrative. Hence, values of ρI = 0 and ρI = 1 correspond to ‘pure’ systems in
which every agent employs the heuristics from the cooperate and defect narra-
tives, respectively, whereas intermediate values correspond to ‘mixed’ systems in
which agents in both narratives coexist.

We consider the interactions between narratives, as expressed by ρI , and
the ‘temptation to defect’ parameter t, and a range of quantities, such as the
fraction of agents defecting, the mean payouts for all nodes in the network, a
‘pairing measure’ capturing to which degree cooperating agents are connected
to fellow cooperators at a disproportional rate, etc. As agents embedded in
social networks are known to exhibit a high degree of homophily in terms of
communication and media consumption [12–14], we also investigate the effects
of increasing the narrative homophily by assigning narratives in a way which
makes agents in similar narratives more likely to be connected.

We present a brief overview and explanation of these quantities in section 3,
and summarize an exploratory analyses of their interplay with networks structure
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Figure 7. Visual depiction of the agent heuristics with parameters displayed in
table 3. Each plot corresponds to the outcome of a round based on which a
given agent is making a decision to potentially update their strategy. Rows
correspond to the agent’s previous strategy, and columns to their opponent’s
strategy, so each plot corresponds to the corresponding cell in the game matrix.
Each line corresponds to a narrative (C, N, or I), and the strategies chosen by
the agent’s neighbor, and the neighbor’s opponent in the previous round. For
example, the label ”N-DC” corresponds to a model based on the neutral
narrative, and the situation where the agent’s neighbor defected while their
opponent cooperated. The x-axis represents the t parameter, and the y-axis the
probability of the agent defecting pd. Note that we do not show lines for
situations where the agent and neighbor played the same strategy, as the agent
retains their strategy in that case.
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and narrative clustering in section 4
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3 Metrics and parameter overview

This section presents an overview of the various metrics and parameters used in
the paper and SI.

3.1 Narrative Clustering Parameter α

In order to investigate the effects of distributing different update heuristics across
a network in a non-uniform fashion, we devised a method of sampling from
an ensemble of networks with a continuously varying degree of clustering with
regards to narratives. We did this by defining a hyperparameter α, signifying
the degree of narrative clustering. We then start with a network in which there
are no narratives assigned to the nodes, and perform the assignment in the
following fashion: A narrative is selected based on a predefined parameter ρI , so
narratives are chosen with pd = ρI and pc = 1− ρI . Then, with probability α,
the chosen narrative n is assigned to a node selected using a Barabási-Albert
style preferential attachment mechanism [2], in which a node u is selected with
a probability proportional to the number of its neighbors having been assigned
narrative n. With probability 1− α, the node is selected uniformly at random.
This procedure is repeated until each node has been assigned a narrative. Figure
8 shows the dependence of the narrative assortativity coefficient r on α for a
range of network structures.

3.2 Payout-related metrics

In addition to the above, we record a few measures regarding the payouts. The
mean payout we calculate simply by considering for each node the sum of its
payouts from playing all of its neighbors in a given round of the simulation,
and then averaging that over all nodes. We compute this for all nodes, and
separately for nodes cooperating and defecting. In addition, we compute the
Gini coefficient, both for all nodes, and separately for nodes cooperating and
defecting.
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Figure 8. As the narrative clustering hyperparameter α increases, the
assortativity coefficient r of the narratives grows accordingly. r appears to be
growing the most in sparser networks, such as the artificial lattice, or the real
text message network.

4 Simulation Results

In the following, we present the results of a series of simulations and show
the resulting metrics discussed in section 3. For each metric, we run a series
of simulations, for a range of values of ρI and t, and for three values of the
narrative clustering parameter α, repeated for the SMS, FB, BA, and SL networks
discussed in section 1. For each combination of network and α value, we present
a 2D heatmap showing how the quantity in question changes with ρI and t. Each
cell in these matrices is computed by running 10 simulations for 104 iterations,
and averaging the values taken by the quantity over the last 5000 iterations.
The cell is left white in cases where the measure is ill-defined - for example, the
pairing measure is not defined when all nodes either cooperate or defect, as the
denominator becomes zero in those cases.
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Figure 9. The fraction of defectors in the network after running the
simulations.
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