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Pioneering theories of  Change



Diversification through natural selection
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“These laws, taken in the largest sense, being Growth 
with reproduction; Inheritance which is almost implied 
by reproduction; Variability from the indirect and direct 

action of  the conditions of  life, and from use and 
disuse; a Ratio of  Increase so high as to lead to a 

Struggle for Life, and as a consequence to Natural 
Selection, entailing Divergence of  Character and the 

Extinction of  less improved forms”



The Origin of Selection not the Origin of Species

"unsung creature which, in its untold millions, transformed the land 
 as the coral polyps did the tropical sea"



1982 2000 2003



Where the rules (e.g. selection) change as quickly as 
 the objects that they govern (e.g. genotypes)



Marriage: Attitudes toward Same Sex Marriage

1895 2011



Laws: Attitudes toward Recreational  Drugs

29 States in USASensationalism



Government: Support of Political  Parties





“For most of the interesting issues in political and economic markets uncertainty, not 
risk, characterizes choice-making. Under conditions of uncertainty, individuals' 
interpretation of their environment will reflect the learning that they have 
undergone. ….. information feedback from their choices is not sufficient to lead to 
convergence of competing interpretations of reality. In consequence, as Frank Hahn 
has pointed out, "there is a continuum of theories that agents can hold and act on 
without ever encountering events which lead them to change their theories" (Hahn, 
1987, p. 324). In such cases, multiple equilibria will result. “ 

“Shared Mental Models: Ideologies and Institutions.“ 

Arthur Denzau and Douglas North (Kyklos: 1994) 
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Empirical time series Analytical time series

Compensation Rule Results
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Social Niche Construction May 22, 2015

Figure 7: The critical manifold S and the fold curves L±
with x,y both using the compensation rule.

Here, r = 10,s = 9.7,c = 1,lx = ly = l = 1, and q = 0.05. P(L�) and P(L+) are projections of L�

and L+
onto S. The periodic solution of the model is shown with the black curves, with double arrow

indicates the rapid transition between the upper and lower planes of S.

PP, JCF, DCK; C4 WID UW-Madison Page 6 of 9
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Insights for Institutional Switching: 

• Institutional switching emerges from a variety of 
short term selfish and “invisible” slow learning 
processes - e.g. scientific institutions/revolutions 

• Institutional cycles emerge from compensation like-
learning (“effort minimization”/“resource scarcity”) - 
e.g. political/private institutions 

• Institutional Memory - Persistence (hysteresis) 
arises from institutional feedback in bistable 
regimes - e.g. losing a habit is harder than 
acquiring it (systemic endowment effect)



The Evolution of Constitutions
Changing the Rule Book of Society



When Godel visited Trenton, NJ - 5th Dec, 1947 
(with Einstein and Morgenstern)















Topic Modeling
Breaking a Document into

Lexical Units 



Expert Semantic Enrichment…(Tom’s Job)



Diffusion Networks
Constructing a “Phylogeny” from

Transmission of Topics
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21:4 M. Gomez-Rodriguez et al.

Fig. 2. The underlying true network over which contagions spread is illustrated on the top. Each subse-
quent layer depicts a cascade created by the diffusion of a particular contagion. For each cascade, nodes
in gray are the “infected” nodes and the edges denote the direction in which the contagion propagated.
Now, given only the node infection times in each cascade we aim to infer the connectivity of the underlying
network G∗.

network. If node v tends to get infected soon after node u for many different conta-
gions, then we can expect an edge (u, v) to be present in the network. By exploring
correlations in node infection times, we aim to recover the unobserved diffusion net-
work.

The concept of a set of contagions over a network is illustrated in Figure 2. As a con-
tagion spreads over the underlying network it creates a trace, called a cascade. Nodes
of the cascade are the nodes of the network that got infected by the contagion and
edges of the cascade represent edges of the network over which the contagion actually
spread. At the top of Figure 2, the underlying true network over which contagions
spread is illustrated. Each subsequent layer depicts a cascade created by a particular
contagion. A priori, we do not know the connectivity of the underlying true network
and our aim is to infer this connectivity using the infection times of nodes in many
cascades.

We develop NETINF, a scalable algorithm for inferring networks of diffusion and
influence. We first formulate a generative probabilistic model of how, on a fixed hypo-
thetical network, contagions spread as directed trees (a node infects many other nodes)
through the network. Since we only observe times when nodes get infected, there are
many possible ways the contagion could have propagated through the network that are
consistent with the observed data. In order to infer the network we have to consider all
possible ways the contagion could spread through the network. Thus, naive computa-
tion of the model takes exponential time since there is a combinatorially large number
of propagation trees. We show that, perhaps surprisingly, computations over this su-
perexponential set of trees can be performed in polynomial (quadratic) time. However,
with such a model, the network inference problem is still intractable. Thus, we in-
troduce a tractable approximation, and show that the objective function can be both
efficiently computed and efficiently optimized. By exploiting a diminishing returns
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Observed: time of topic appearance in node v {v, t(v)}

{u,v, t(v)}

cascade = single parent

Inferring Networks of Diffusion and Influence 21:7

Table I. Table of Symbols

Symbol Description
G(V, E) Directed graph with nodes V and edges E over which contagions spread
β Probability that contagion propagates over an edge of G
α Incubation time model parameter (refer to Eq. 1)
Eε Set of ε-edges, E ∩ Eε = ∅ and E ∪ Eε = V × V
c Contagion that spreads over G
tu Time when node u got hit (infected) by a particular cascade
tc Set of node hit times in cascade c. tc[i] = ∞ if node i did not participate in c
$u,v Time difference between the node hit times tv −tu in a particular cascade
C = {(c, tc)} Set of contagions c and corresponding hit times, i.e., the observed data
Tc(G) Set of all possible propagation trees of cascade c on graph G
T(VT , ET ) Cascade propagation tree, T ∈ Tc(G)
VT Node set of T, VT = {i | i ∈ Vand tc[i] < ∞}
ET Edge set of T, ET ⊆ E ∪ Eε

First, we define the probability Pc(u, v) that a node u spreads the cascade to a node
v (a node u influences/infects/transmits contagion c to a node v). Formally, Pc(u, v)
specifies the conditional probability of observing cascade c spreading from u to v.

Consider a pair of nodes u and v, connected by a directed edge (u, v), and the corre-
sponding hit times (tu)c and (tv)c. Since the contagion can only propagate forward in
time, if node u got infected after node v (tu > tv), then Pc(u, v) = 0, that is, nodes cannot
influence nodes from the past. On the other hand (if tu < tv) we make no assumptions
about the properties and shape of Pc(u, v). To build some intuition, we can think that
the probability of propagation Pc(u, v) between a pair of nodes u and v decreases with
the difference of their infection times—the farther apart in time the two nodes get
infected, the less likely they are to infect one another.

However, we note that our approach allows for the contagion transmission model
Pc(u, v) to be arbitrarily complicated as it can also depend on the properties of con-
tagion c as well as the properties of the nodes and edges. For example, in a disease
propagation scenario, node attributes could include information about an individual’s
socio-economic status, commute patterns, disease history, and so on, and the contagion
properties would include the strength and the type of the virus. This allows for great
flexibility in the cascade transmission models, as the probability of infection depends
on the parameters of the disease and properties of the nodes.

Purely for simplicity, in the rest of the article we assume the simplest and most
intuitive model, where the probability of transmission depends only on the time dif-
ference between the node hit times, $u,v = tv −tu. We consider two different models
for the incubation time distribution $u,v, an exponential and a power-law model, each
with parameter α

Pc(u, v) = Pc($u,v) ∝ e−$u,v
α and Pc(u, v) = Pc($u,v) ∝ 1

$α
u,v

. (1)

Arguments have been made for both the power-law and exponential waiting time
models in the literature [Barabási 2005; Leskovec et al. 2007c; Malmgren et al. 2008].
In the end, our algorithm does not depend on the particular choice of incubation time
distribution, and more complicated nonmonotonic and multimodal functions can eas-
ily be chosen [Crane and Sornette 2008; Gomez-Rodriguez et al. 2011; Wallinga and
Teunis 2004]. We also interpret ∞ + $u,v = ∞: if tu = ∞, then tv = ∞ with probability
1. Note that parameter α can potentially be different for each edge in the network.
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Considering this model in a generative sense, we can think that cascade c reaches
node u at time tu, and we now need to generate the time tv when u spreads the cascade
to node v. As cascades generally do not infect all the nodes of the network, we need
to explicitly model the probability that the cascade stops. With probability (1 − β),
the cascade stops, and never reaches v, thus tv = ∞. With probability β, the cascade
transmits over the edge (u, v), and the hit time tv is set to tu + "u,v, where "u,v is the
incubation time that passed between hit times tu and tv.

Likelihood of a cascade spreading in a given tree pattern T. Next we calculate the likelihood
P(c|T) that contagion c in a graph G propagated in a particular tree pattern T(VT, ET)
under some assumptions. This means we want to assess the probability that a cascade
c with hit times tc propagated in a particular tree pattern T.

Due to our modeling assumption that cascades are trees, the likelihood is simply

P(c|T) =
∏

(u,v)∈ET

β Pc(u, v)
∏

u∈VT ,(u,x)∈E\ET

(1 − β), (2)

where ET is the edge set and VT is the vertex set of tree T. Note that VT is the set
of nodes that got infected by c, that is, (VT ⊂ V) and contains elements i of tc, where
tc(i) < ∞. The preceding expression has an intuitive explanation. Since the cascade
spread in tree pattern T, the contagion successfully propagated along those edges.
And, along the edges where the contagion did not spread, the cascade had to stop.
Here, we assume independence between edges to simplify the problem. Despite this
simplification, we later show empirically that NETINF works well in practice.

Moreover, P(c|T) can be rewritten as

P(c|T) = βq (1 − β)r
∏

(u,v)∈ET

Pc(u, v), (3)

where q = |ET | = |VT | − 1 is the number of edges in T and it counts the edges over
which the contagion successfully propagated. Similarly, r counts the number of edges
that did not activate and failed to transmit the contagion: r =

∑
u∈VT

dout(u) − q , and
dout(u) is the out-degree of node u in graph G.

We conclude with an observation that will come in very handy later. Examining
Eq. 3 we notice that the first part of the equation before the product sign does not
depend on the edge set ET but only on the vertex set VT of the tree T. This means
that the first part is constant for all trees T with the same vertex set VT but possibly
different edge sets ET . For example, this means that for a fixed G and c, maximizing
P(c|T) with respect to T (finding the most probable tree) does not depend on the second
product of Eq. 2. This means that when optimizing, one only needs to focus on the first
product, where the edges of the tree T simply specify how the cascade spreads: every
node in the cascade gets influenced by exactly one node, that is, its parent.

Cascade likelihood. We just defined the likelihood P(c|T) that a single contagion c
propagates in a particular tree pattern T. Now, our aim is to compute P(c|G), the
probability that a cascade c occurs in a graph G. Note that we observe only the node
infection times while the exact propagation tree T (who-infected-whom) is unknown.
In general, over a given graph G there may be multiple different propagation trees
T that are consistent with the observed data. For example, Figure 3 shows three
different cascade propagation paths (trees T) that are all consistent with the observed
data tc = (ta = 1, tc = 2, tb = 3, te = 4).

So, we need to combine the probabilities of individual propagation trees into a prob-
ability of a cascade c. We achieve this by considering all possible propagation trees
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Fig. 3. Different propagation trees T of cascade c that are all consistent with observed node hit times
c = (ta = 1, tc = 2, tb = 3, te = 4). In each case, wider edges compose the tree, while thinner edges are the rest
of the edges of the network G.

T that are supported by network G—all possible ways in which cascade c could have
spread over G.

P(c|G) =
∑

T∈Tc(G)

P(c|T)P(T|G), (4)

where c is a cascade and Tc(G) is the set of all the directed connected spanning trees on
a subgraph of G induced by the nodes that got hit by cascade c. Note that even though
the sum ranges over all possible spanning trees T ∈ Tc(G), in case T is inconsistent
with the observed data, then P(c|T) = 0.

Assuming that all trees are a priori equally likely (P(T|G) = 1/|Tc(G)|) and using
the observation from Equation (3) we obtain

P(c|G) ∝
∑

T∈Tc(G)

∏

(u,v)∈ET

Pc(u, v). (5)

Basically, the graph G defines the skeleton over which the cascades can propagate
and T defines a particular possible propagation tree. There may be many possible
trees that explain a single cascade (see Figure 3), and since we do not know in which
particular tree pattern the cascade really propagated, we need to consider all possible
propagation trees T in Tc(G). Thus, the sum over T is a sum over all directed spanning
trees of the graph induced by the vertices that got hit by the cascade c.

We just computed the probability of a single cascade c occurring in G, and we now
define the probability of a set of cascades C occurring in G simply as

P(C|G) =
∏

c∈C

P(c|G), (6)

where we again assume conditional independence between cascades given the
graph G.

2.3 Estimating the Network that Maximizes the Cascade Likelihood
Once we have formulated the cascade transmission model, we now state the diffu-
sion network inference problem, where the goal is to find Ĝ that solves the following
optimization problem.

Problem 1. Given a set of node infection times tc for a set of cascades c ∈ C, a
propagation probability parameter β and an incubation time distribution Pc(u, v), find
the network Ĝ such that:

Ĝ = argmax
|G|≤k

P(C|G), (7)

where the maximization is over all directed graphs G of at most k edges, and P(C|G)
is defined by Equations (6), (4), and (2).
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The “Geometry” of Influence & transformation



Canada, 1791

Iceland, 1874

Bolivia, 1826

Venezuela, 1830

South Korea, 1948

Albania, 1976

Montenegro, 1992



Probabilistic Analysis

N(t) = no. of cells at time t

P{N(t) = n} = Pn(t)
Prob. of birth in (t, t + h) if {N(t) = n} = nλh + o(h)

Pn(t + h) = Pn(t)(1 − nλh + o(h))

+ Pn−1(t)((n − 1)λh + o(h))

Pn(t + h) − Pn(t) = −nλhPn(t) + Pn−1(t)(n − 1)λh + o(h)

Pn(t + h) − Pn(t)
h

= −nλPn(t) + Pn−1(t)(n − 1)λ + o(h) as h → 0

P ′
n(t) = −nλPn(t) + (n − 1)λPn−1(t)

Initial condition Pn0(0) = P{N(0) = n0} = 1

233

P ′
n(t) = −nλPn(t) + (n − 1)λPn−1(t); Pn0(0) = 1

Solution:

(1) Pn(t) =
(

n − 1
n − n0

)
e−λn0t(1 − e−λt)n−n0 n = n0, n0 + 1, . . .

Solution is negative binomial distribution; i.e. Probability of obtaining
exactly n0 successes in n trials.

Suppose p = prob. of success and q = 1 − p = prob. of failure. Then in
first (n − 1) trials results in (n0 − 1) successes and (n − n0) failures
followed by success on nth trial; i.e.

(2)(
n − 1
n0 − 1

)
pn0−1qn−n0 · p =

(
n − 1
n − n0

)
pn0qn−n0 n = n0, n0 + 1, ...

If p = e−λt and q = 1 − e−λt

⇒ (2) is same as (1).
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Yule Process

Negative Binomial



{in-degree, gaussian}

{out-degree, poisson}

{out-degree, negative binomial}



How do the topics diffuse in time?

Decline Growth Transients
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The Chronological backbone

Course-grained clusters

Granular clusters
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Number of Descendant Constitutions in Chronological order
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Insights into Change

• Want to understand mechanisms for the collective construction and 
modification of rule systems


• Appreciate the crucial role of learning - imitation/borrowing and 
consideration of learning costs and constraints


• Recognize that dynamics impose strong long-term regularities beyond 
short-term individual preferences & awareness


