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Figure 1: PolicyFlow is a visual interactive system for exploring the time-evolving patterns of policy adoption. The entire
policy dataset can be browsed and filtered by content via the Subject Browser and Content Browser (a), by region via the Map
View (c), and by time via the Timeline View (e). Details of the selected subset can be viewed in the Policy Detailed View (b).
The Network View (d) shows underlying policy diffusion network of the selected subset, which is computed online using a
network inference algorithm. The contextual and structural information of the diffusion network, such as their geographi-
cal distribution, the corresponding state-attributes (socio-economic covariates), and the network connectivity, can be viewed
through the coordinated Map View (c) and Network View (d). The Policy Inspection View enables further inspecting a partic-
ular policy’s adoption sequence over time and space, its relationship with the socio-economic covariates, and the conformity
(of this particular policy) with the general policy diffusion pattern.

ABSTRACT
Stability in social, technical, and financial systems, as well as the
capacity of organizations to work across borders, requires consis-
tency in public policy across jurisdictions. The diffusion of laws
and regulations across political boundaries can reduce the tension
between innovation and consistency. Policy diffusion has been a
topic of focus across the social sciences for several decades, but
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due to limitations of data and computational capacity, researchers
have not taken a comprehensive and data-intensive look at cross-
policy patterns of diffusion. This work combines visual analytics
and text and network analyses to help understand how policies, as
represented in digitized text, spread across states. As a result, our
approach can quickly guide analysts to progressively gain profound
insights into policy adoption data. We evaluate the effectiveness of
our system via case studies with a real-world dataset and qualitative
interviews with domain experts.
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1 INTRODUCTION
Understanding the transmission of ideas, information, and resources
among individuals and organizations has been a central theme in
many fields, such as collective actions [10, 14], international coop-
eration [12], and economic development [4]. In the public policy
domain, as the political actors (citizens, governments, or countries)
repeatedly face similar political circumstances and uncertainty, the
making and deployment of policies are often a learning or diffusion
process where political actors look to each other when making
policy choices. Identifying such policy diffusion pathways is crucial
for developing innovative yet consistent policies to address new
societal challenges. However, while the process involves dynamic
connections among political actors, observing such connections
is difficult. In this work, we present a visual analytics system that
enables the discovery of persistent policy diffusion patterns.

Existing work. There has been abundant political science lit-
erature in studying policy diffusion, referred as general patterns of
influence that the policies adopted in a given place and time are
repeatedly influenced by prior policy choices made elsewhere. For
example, the pioneering work by Walker analyzed and theorized
how policies spread from the pioneering states to the rest of the
American states [16]. Berry and Baybeck incorporated Geographic
Information Systems (GIS) to analyze economic diffusion between
contiguous states [4]. Most of these works were limited in studying
a single policy. Recently, Desmarais et al. [9] combined machine
learning algorithm and accumulation of policy data to characterize
persistent policy diffusion patterns. They used the latent network
inference algorithm, called NetInf [11], to infer policy diffusion
networks connecting the American states over time. While these
works have made great progress in learning a policy diffusion net-
work from multiple policies, understanding such a network across
different political settings is challenging.

Our proposed work.We propose a novel visual analytics sys-
tem, called PolicyFlow, that allows for interpreting and examining
policy diffusion in context – that is, across various spatial, temporal
and multiple policy settings. We work closely with domain experts
to design an interactive visualization system that helps answer
relevant questions including: what would the underlying diffusion
network look like? who are the leaders in the network? do the
network and leaders change over time, regions, and across various
topics of policies? what are possible factors associated with the
diffusion patterns? to what extent the inferred patterns capture the
observed data? In this work, we propose a suite of visual analytic
tools to better explain and assess the results derived from the black-
box network inference algorithm and aggregate policy adoption
data.

Contributions. To summarize, our contributions include: (1)
System: We propose the first visual analytics system that offers
interpretable policy diffusion pattern discovery by seamlessly inte-
grating network inference algorithm and complex political contexts.
(2) Visual analytics: We provide a suite of analytics and visual-
izations that facilitate the explanation and examination of policy
diffusion across different facets – geo-space, time, policy topics,
similarities in political contexts, etc. (3) Model interpretation:
We offer inspection that helps interpret and evaluate the inference
results, e.g., how different policies or actors conform to or deviate

from the generate diffusion patterns. (4) Case study: Moreover, we
provide a case study that illustrates how our system can be used to
discover insights into diffusion pathways in the American states
using a large policy adoption data.

2 RELATEDWORK
We describe related work in visual analysis of text corpus, and
visualization of diffusion networks.

Visual Analysis of Text Corpus. The visual representation of
text corpus is an effective way to summarize it, thereby lessening
cognitive load. Among them, exploring temporal changes of a large
corpus in different contexts have been salient over recent years.
Many of them focused on visualizing a temporal stream of topics
using stacked graph as visual representationwith a slightly different
focus. [7] is an earlier work of visualizing selected topics competing
over time. The flow of streams in the system represented the merge
and split of topics with varying amounts of texts. The following
studies are featured as exploring hierarchically structured topics [8],
anomalous spreading of information [17]. [15] introduced EvoRiver,
a visual framework dealing with topics cooperating and competing
for each other to attract opinion leaders.

Our system, on the other hand, focuses on inferring and visual-
izing diffusion pathways where political innovations are spreading
over the US states. Text corpus provides a set of evidence, and we
infer how states exert their political power onto others in the policy
diffusion process using the policy metadata that consist of adoption
sequences.

Visualization of Diffusion Networks. The information diffu-
sion process involves various types of information. Many of studies
have explored social media and micro-blogs in different contexts,
but some studies focused on specific information type and phe-
nomenon such as new diffusion [2], and rumor spreading [3] while
others tried to convey the cascade pattern in general [1, 6]. [6]
especially highlighted their study on how central users’ influence
propagate over other users to summarize the diffusion process in
the hexagonal grid map. [5] integrated spatiotemporal contexts and
provided a coordinated view. Retweet behaviors from a massive
amount of tweets are monitored in real-time and represented in a
visual framework that borrowed a metaphor from sunflower.

PolicyFlow coordinates with more various contexts. With a fo-
cus on providing the inferred diffusion pattern, such inference task
can be derived from the combination of spatial, temporal, and topi-
cal context specified by users with interaction. We see that these
functionality fit into users’ need in the political domain in that
policy-making process requires to explore the context and back-
ground, which our system can support the data-driven exploration
on this.

3 DESIGN OVERVIEW
We design PolicyFlow for interpreting the latent policy diffusion
network in context. Following a user-centric design process, we
have worked closely with a group of domain experts – a team of po-
litical scientists that are specialized in the study of policy diffusion
in American politics. We have scheduled a series of meetings over
a year-long period to help us understand the system requirements
and refine our prototype. Our discussions have centered on what



kinds of patterns need to be captured and how to reveal and inter-
pret them in various spatiotemporal contexts and political settings.
We summarize the desired system requirements as follows.

R1 Overview: The system should offer a big picture of the
general diffusion patterns learned from the historic pol-
icy diffusion dataset. It should allow users to identify the
underlying diffusion network and leading states (i.e., influ-
ential nodes) in such a network.

R2 Context: The system should help reveal the diffusion pat-
terns in heterogeneous contexts. It should allow users to
explore questions such as (a) how do the network and lead-
ers change over time, regions, and across policy topics? (b)
how do the diffusion patterns associate with the socioeco-
nomic context of states? and (c) what are the relationships
between the diffusion and geo-proximity?

R3 Structure: The system should help reveal the structural
details of the diffusion patterns. Specifically, (a) how does a
particular state influences or is influenced by other states?
(b) do policies of similar topics exhibit similar diffusion
patterns? how to identify policies with similar diffusion
patterns?

R4 Inference assessment: The system should enable users
to interpret and assess the patterns derived from the net-
work inference algorithm. In particular, it should clearly
show the extent to which the inferred patterns apply to a
particular policy, state, or a diffusion pathway.

Figure 2: The system framework of PolicyFlow. The policy
set can be specified in context with filtering and selection.

System overview. The proposed work, PolicyFlow, is designed
and developed following the aforementioned system requirements.
As shown in Fig. 2, the system allows users to interactively explore
how the state-based policies diffused in the US. It allows users
to browse and select a subset of policies from the entire policy
database with the multifaceted (geospatial, temporal, and topical)
context filters (R2). Based on the whole or user-selected subset
of policy texts, the system computes the underlying policy diffu-
sion network and generate an overview of the network (R1), with
multiple coordinated views showing the geospatial and states’ so-
cioeconomic contexts (R2). Users can explore the structural details
through interactions to reveal how states (nodes) are close to each
other in terms of their network connectivity or policy adoption
similarity (R3). Furthermore, the system allows users to inspect a
policy’s details and to evaluate how the inferred diffusion patterns

conform to or deviate from a particular policy’s actual adoption
sequence (R4).

4 ANALYSIS OF POLICY ADOPTION
4.1 Policy Data
Here we use the policy adoption data collected by [9]. The scope
of policies in the system includes 764 state-wised policies over 300
years ranging from 1691 to 2017. The dataset consists of the meta-
data of states, policies, and the set of policy adoption cases. Each
policy is associated with a history of adoption that indicates which
states have adopted this particular policy and the timeline of adop-
tion. The additional information on policy adoption includes policy
subject (e.g., health, education), start (the year of the first adop-
tion), end (the year of the last adoption), and the number of states
adopting the policy. In the policy data, the underlying diffusion
network (i.e., who influenced whom in the adoption decision) is not
observable. The process of inferring such an underlying network
will be detailed in the next subsection.

Another information collected in our dataset is a set of state-
related attributes that provide key socioeconomic context. These
include Per Capita Income, Minority Diversity, Legislative Profes-
sionalism, Citizen Ideology, Total Population, and Population Den-
sity. Such attributes provide theoretically important covariates [9]
as well as contextual information for users to reason the diffusion
patterns. We provide analytical modules that may help hypothesize
how each state’s attributes correlate to its role in the propagation
of political agendas as follower or influencer.

4.2 From Adoption to Diffusion Network
As mentioned above, the policy adoption data allows for observing
how a policy was adopted over time and across states, the underly-
ing influence or diffusion network, that is, who tends to lead and
who tends to follow, is often unobservable [9]. The goal of network
inference is thus to infer a latent diffusion network of political actors
(i.e., states) based on observable data about the repeated adoption
choices that those actors make.

We apply the latent network inference algorithm, NetInf [11],
to infer policy diffusion networks. A policy’s adoption history can
be considered as multiple network cascades, where each cascade
consists of a sequence of adoption cases called contagions. A conta-
gion c , denoted as a tuple (p,u,v, tv )c , means that the adoption of
a policy p has spread from state u to state v at time tv . A directed
edge u → v connecting a pair of state nodes was used to indicate
that policies diffuse from source node u to follower node v . The set
of cascades for a specific policy p can be obtained by grouping the
contagions by policy, denoted as {(p′,u,v, tv )c | p′ = p}.

In practice, a contagion can only be observed through (p,v, tv )c
that describes the time tv when nodev got infected by the contagion
c of a policyp. The NetInf algorithm aims to recover the unobserved
directed network G∗ , i.e., the policy diffusion network over which
the contagions spread. The algorithm is based on a probabilistic
model that models the probability of a contagion c between a pair
of nodes u and v , and the probability that contagion c propagated
in a particular cascade tree. Based on this, P(C |G), the probability
of a set of cascadesC occurring inG , can be obtained, and the latent



diffusion networkG∗ is approximated by Ĝ = argmax P(C |G) with
a sparsity constraint on all possible G.

4.3 Relationship to Geopolitical Context
Our system supports the analytical task that enables users to ex-
amine the relationship between an inferred diffusion network and
the geopolitical context across states. Specifically, we provide two
correlation measures: (1) influence: the correlation between node
influences and socioeconomic attributes, and (2) connectivity: the
correlation between edge connection and geographical adjacency.

First, we calculate the correlation between each of socioeconomic
attributes presented in Section 4.1, and five centrality measures
as node influence including Outdegree, Page Rank, Betweenness,
Hit, and Closeness. Since the centrality measures are often skewed,
and we do not expect a linear relationship between variables in
the correlations, we use Kendal’s τ as a measure of correlations.
Such correlation measures enable users to evaluate the ability of
different socioeconomic attributes to explain the diffusion ties.

Second, we present how the geographical relationship of states
can be related to the inferred diffusion ties that estimate the source-
follower relationship in the decisions of policy adoptions. The cor-
relation is measured as an overlap between the geospatial neighbor-
hood and the network neighbors derived from the inferred diffusion
network.

4.4 Cascade Pattern Comparison
For the context analysis of policy diffusion, we provide the similar-
ity of policies in terms of cascade pattern and topics. A cascade of a
policy is a set of policy adoptions represented as cp = {(s, t), s ∈ S},
where S is a set of all states and t is adoption year. The comparison
of cascade patterns cannot be obtained by using a standard corre-
lation measure since the cascade sizes vary. To address this issue,
we combine both the set overlap measure and a rank correlation
measure. The similarity of two policies i and j is then given by:
simi j = J (ci , c j ) × K(ci , c j ), where J (·) is the Jaccard index that
measures the overlap between the two sets of states that adopted
policies i and j (without considering the temporal ordering), and
K(·) is the Kendall’s τ rank correlation between the two sets of
states that are adopted both policies and ordered by adoption years.
The similarity score simi j ranges between 0 and 1. The higher the
similarity, the more similar the two policies i and j are in terms of
their cascade patterns.

We also provide the content similarity of policies. To compute
this, we first retrieve the textual content of all policies using Google
Search APIs and represent the set of policy texts using a word2vec
model [13]. We then calculate the cosine similarity for all pairs of
policies offline and store the five most similar policies of each policy.
The most similar policies can be retrieved in the Policy Detailed
View for users to discover some insights from the similarity in
terms of adoption cascade and policy content.

4.5 Model Examination
Since the inferred diffusion network is estimated from the observed,
repeated adoption choices made by states, there may be a disparity
between the estimated diffusion patterns and the actual adoption
sequences. Such disparity reflects (a) the quality of the network

inference on a set of policies, and (b) the ability of the general
inference to capture a particular set of policies or a specific policy.
To capture such disparity, we introduce the notion of expected
cascade and deviant cascade. Recall that a network is derived from
a set of adoption cases, which indicates the influential relationship
inferred from multiple policies as a whole over the given context.
The adoption sequence of a single policy, on the other, is a set of
recorded trajectories in the dataset which can differ from the whole
network. In other words, some edges of a network direct from one
state to another deviant from the time order in the selected policy’s
adoption sequence. Taking the example networks in the Fig. 3, the
network on the left-hand side is an inferred network from the entire
set of policies, and the network on the right-hand side is a network
of the policy called "Mandated Coverage of Clinical Trials". The
policy network consists of states involved in this policy as nodes,
and their relationship as edges. When we look at a specific edge
coming from CA to GA, it is represented as a deviant cascade with
dotted line. It indicates that CA is likely to influence GA when we
infer their relationship based on the given set of policies, but it’s
actually deviant in terms of the time order because GA actually
adopted the policy name in 1998 which is earlier than CA did in
2000. These network edges reveal that the influential relationships
between states in the context of policy adoption hold true in general,
but it may not be the case for an individual policy where some
follower states adopted earlier.

Figure 3: The whole network from all policies (on the left)
and the network of the policy named ’Mandated Coverage
of Clinical Trials’ (on the right).

We quantify this pattern as a conforming score to provide a
summary of how the diffusion pattern for a policy conforms to
the whole network. For a specific policy, the score is calculated by
the ratio of conforming edges among all edges. The higher score
indicates that the adoption sequence of a policy better conforms to
the inferred relationship. In the system, when a policy is selected,
the conforming score of a policy is calculated and represented in the
Policy Inspection View described in Section 5.4. Users can expect
to identify the detailed expected/deviant pattern for a policy with
the conforming score as a measure of how accurate the inference
model is.



5 INTERACTIVE VISUALIZATION
5.1 Spatiotemporal Overview
The primary goal of PolicyFlow is to give users a comprehensive
overview of the general diffusion pattern. Several components rep-
resent different aspects of the network, while the interface enables
to explore the influential relationship from multiple perspectives.

Centered within the system is the Network View. A diffusion
network is a directed network where an influencer state u and a
follower state v is connected by an edge e(u,v). When the system
is initially loaded, it renders the general diffusion network inferred
from the whole policies. With any interaction ending up with a
set of policy adoptions or an individual policy selected, the size
of nodes is adjusted by the influence. The five influence measures
which are node centrality in the network show the most influential
state. While the Network View visually provides the most intuitive
representation, three components including the Timeline View,
Map View, and Subject Browser, Content Browser convey tempo-
ral, spatial, and topical distribution of policies and adoptions. The
Timeline View linearly shows the frequency of policy adoption
throughout the entire policy adoption history. The Map View high-
lights the states hovered in the network, indicating where they
locate. The Subject Browser and Content Browser represent how
policies are topically and semantically distributed.

Figure 4: Twomodes of the Map View. The state-wise and re-
gional view provide different snapshots of spatial overview.

Even though those visual components serve as filters, they are
basically dedicated to representing the distribution of policies and
states in different perspectives. The Subject Browser and Content
Browser effectively shows the proportion of topics as a pie chart,
the Timeline View gives a trend of adoptions over time, and theMap
View projects nodes into the map which provide the geo-proximity
of states.

A whole network on the left and a network of the policy named
‘Mandated Coverage of Clinical Trials‘ on the right on the Network
View. The whole network is a network inferred from a set of policies
with or without filtering. Once a policy is selected, the network is
re-rendered as a policy network. The irrelevant nodes are filtered
out, and edges are marked as one of two modes, which are the
expected cascade with a solid line and the deviant cascade with a
dashed line.

We also support the exploration of a specific policy. A major
change on the layout when selecting a policy is that the inferred
network in the Network View is re-rendered to represent the se-
lected policy, as two networks in Fig. 3. Once a policy is selected,

nodes are filtered such that only the states (nodes) that adopted the
chosen policy appear in the network.

5.2 Diffusion Structural Details
We support exploring the similarity and connectivity of states and
policies with interactive layouts by explicitly visualizing them. One
of our requirements (R3) is to decompose the structural details
of relationships between states or policies. Specifically, we try to
help users figure out these questions: (a) How are states similar to
each other in terms of their connections and similarities from the
network? (b) What are the similar policies in the aspect of content
and cascade?

Figure 5: Two modes of examining structural details. The
map and network pair renders the network of the policy
‘Framework For Donation Of Organs Other Body Parts’. On
a hover of the California node in the network, two hover
modes are allowed to examine the structure centered around
the selected node. The first pair of the map and network in
this figure highlights the connected states with California
(with lighter orange for expected cascades and darker or-
ange for deviant cascades). The second one highlights the
most top five similar nodes in terms of adoption sequences.

To answer the first question, we provide two hover modes for
examining states: Connected and Similar. Users can select one of
two modes by adjusting the slide bar, then hovering the cursor on
any state on the map or any node on the network colors the most
five similar states.

As mentioned and presented in Section 4.4, PolicyFlow derives
the similarity of policies from two perspectives: Content and Cas-
cade. The Policy Detailed View is dedicated to providing this infor-
mation along with the detailed information of a policy. If a policy
is selected, similar policies are listed with similarity score. Either
of two lists is displayed when users adjust the tab interface.

5.3 Geo-political Context
The visual components in PolicyFlow not only serve to explore the
overview but also to filter the dataset by context. In our system, the



combination of three filters narrows down to a subset of policies.
First, users can select a topic of their interest in the Subject Browser
and Content Browser by clicking an arc of a topic. Second, Brushing
through a period in the Timeline View automatically captures a
subset of policies adopted within that time period. Third, the Map
View is dedicated to picking specific states of user’s interest. Any
clicks end up counting in and out the selected state. These filtering
behaviors lead to subsetting nodes and edges of the network in the
Network View.

PolicyFlow also supports exploring two correlation measures
presented in Section 4.3. First, our system computes the correlation
between node centrality and socio-economic attributes in real time.
When a policy is selected, the correlation measure correspondingly
is updated in the dropdown menu. The correlation between the
adjacency of states and the connectivity in the network, which is
another correlation, is presented in the Policy Inspection View.

5.4 Policy Adoption Inspection
The Policy Inspection View visualizes how each of policies diffuses
through states. When users select a policy, the system renders the
Policy Inspection View in the Policy Inspection tab associated with
the selected policy.

A matrix represented by this view is a two-mode matrix where
each cell is a spatio-temporal incident of policy adoption (s, t) with
a state s from the vertical axis and a year t from the horizontal axis.
Each row is then a timeline of a state’s policy adoption history as a
set of linearly aligned cells. An example of the Policy Inspection
View, which is a detailed adoption pattern of the policy called ‘Bans
Child Pornography’, is presented Fig. 6. In the highlighted part
on the left, a semicircle indicates a single event of adopting this
policy by Florida in the corresponding year. Two different types of
strip coming to a semicircle icon represents the expected or deviant
pattern of policy adoption. A purple-colored strip is a expected pat-
tern of adoption where the policy was adopted to the influential
state and the follower state identified in the inferred network in
chronological order. A pink-colored strip from the right to a semi-
circle on the left, on the other hand, is a deviant pattern of adoption
where the follower state in the inferred network actually adopted
the policy earlier than the influencer state, which means that the
adoption sequence doesn’t match the influential relationship we in-
ferred based on a set of policy adoption cases. The semicircles head
toward the direction where the influence comes from, so users can
understand the aspect of patterns with the direction of semicircle
heads and the color of strips.

The Policy Inspection View provides the connectivity between
nodes within the general diffusion pattern. On hover of a semicircle
component, the layout reveals the egocentric network of the state
in a way that all the edges connected to it are represented. In Fig. 6,
the hovered node is represented as a yellow node. The incoming
and outgoing edges connect the node to its source and target nodes
which are colored as light and dark purple. We also specify what
other nodes are influenced by its source node. The gray edges
coming from the source node indicate in the Fig. 6 that CA is a
great influencer impacting on most of the other states.

6 CASE STUDY
In this section, we demonstrate the effectiveness and utility of
PolicyFlow in helping users to gain a better understanding of policy
diffusion throughout the history.We consider political analysts such
as political scientists, policymakers and lobbyists, and members of
NGOs, as the main users of our system. For them, understanding
how the previously related public policies diffused across states and
regions is important for planning and making a new policy, as well
as for predicting how different aspects of a new policy may unfold
in the near future. Here, based on our interview with a political
scientist, we provide a use case scenario to show how a policy
analyst can use PolicyFlow to gain insights from a policy dataset.

When the system was initially launched, the policy analyst ex-
plored the overview of diffusion pattern in the system. Without
any filtering or selection, the system showed how state policies
adopted throughout the history of United States. By looking at the
Network View, the analyst immediately noticed that California,
which is placed in the center of the network, was estimated and
rendered the greatest influential state. He also found that policy
adoptions have been in a noticeable increase after 1960, shown in
the Timeline View. Looking at the Subject Browser, he realized that
Law and Crime, Civil Rights, and Health were the most dominant
subjects over the centuries.

At this time, he was interested in some influential policies in
establishing abortion ban in the Northeast region in the late 1900s.
As a preliminary analysis, he started exploring ‘Civil Right’ subject
after the 1970s. When he adjusted the slider of the Map View to ‘Re-
gion’, all the nodes (states) from the Northeast area in the Network
View were rendered as orange color. CT had especially a greater
influence (outdegree) than other Northeastern states with the big-
ger size of the node. When he selected the closeness as another
influence from the ‘Influence’ dropdown menu, CT had the second
largest influence indicating that it is closer to all other nodes in the
network in terms of the average of the shortest path.

Since the network had an intertwined connectivity between
nodes, he wanted to further explore the structural details. The Map
View and the Network View were helpful in a way that hovering a
node in the network or a state in the map highlighted the relevant
nodes to make it distinct based on the similarity and connectivity
of nodes as shown in Fig. 5. With ‘Similar’ mode selected, the
five most similar nodes were also highlighted in terms of cascade
pattern. When the analyst changed the mode to ‘Connected’ with
hovering over RI (Rhode Island), all the nodes connected to RI were
highlighted. he found that RI is likely to influence KY, MD, NJ, and
NT, and it is likely to be influenced by CA when it comes to policy
adoptions within ‘Civil Rights’ after the 1970s.

The analyst decided to take a closer look at the policy ‘Physicians
Can Refuse To Do An Abortion’ as the policy was the most spread-
ing policies in this societal issue with dynamic diffusion pattern.
When he selected the policy, Policy Detailed View displayed the
policy contents, and also the list of similar policies. Interestingly,
the most similar policy in terms of policy cascade was ‘Require A Li-
censed Physician For Abortion’ which is also related to the abortion
issue. It makes sense that the adoption of this policy started and
ended two years earlier than the policy according to the adoption



Figure 6: The Policy Inspection View conveys a detailed diffusion pathways of an individual policy.

period. It is also interesting that the five most similar policies in
policy cascade all belonged to ‘Civil Rights’ subject.

The analyst moved on to the Policy Inspection View to identify
the detailed diffusion pattern of the policy ‘Physicians Can Refuse
To Do An Abortion’. The pioneer states regarding this policy were
NY and IL which adopted the policy in 1976 and 1978 respectively.
The adoption started to burst out in 1984 and kept its pace until
it was adopted by 45 states during ten years. Most of the edges
showed the conformity to the general diffusion pattern of ‘Civil
Rights’ policies in post-1970s with the conforming score 0.74.

After all these exploration tasks, the analyst explored how the
socioeconomic state attributes correlate to this diffusion pattern.
When he adjusted six different socioeconomic attributes from the
‘Attribute’ dropdownmenu, states in theMapView and the Network
View were colored by the selected attributes with the correlation
score provided in the dropdown menu. He figured out that ‘Total
Population’ was the most correlated to the diffusion pattern with
the score of 0.68 when it comes to the selected policy.

7 DISCUSSION AND FUTURE WORK
In this paper, we presented PolicyFlow, an interactive framework for
exploring diffusion pattern of policies in context. The policy-making
process on public policy sector requires multifaceted exploration
and careful inspection of the observable policy data within complex
context. The visual components in our system not only provide an
overview of diffusion patterns over states but also enable contex-
tual filtering on spatial, temporal, and topical aspects. We made
a step further by providing analytic components that allows for
interactively inspecting the similarity of policies, and assessing the
inference networks generated by the network inference algorithm.
In the future, we plan to conduct more in-depth user study in two
ways. First, we will interview domain experts to learn how our
system can be embedded into the workflow of their research or
policy-making process. For the usability and comprehensiveness of
the system as a second one, we will conduct qualitative and quanti-
tative study to validate the requirements of our system. We expect
that identifying the usefulness and shortcomings of our system will
help improve our system and bring users more meaningful findings
in the exploratory tasks.
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