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1 Comparison to Other Tools

Modeling / Reshaping Origraph Ploceus Orion Ploceus Term Orion Term

Connect/Disconnect Nodes yes yes yes Create Connection Link
Promote Attribute yes yes yes Create Promote
Facet Node/Edge Class yes yes yes Slice n’Dice Split
Convert Between Node/Edge yes no no
Project Edges yes partially∗ partially∗

Create Supernodes yes no no
Roll Up Edges yes yes yes

Item Operations

Filter by Attributes yes no† yes
Connectivity-Based Filtering yes no no

Attribute Operations

Change Edge Direction yes no no
Derive In-Class Attributes yes yes yes

Connectivity-Based Attribute
Derivation

yes no‡ no

Table 1: Table of operations supported by Origraph, Orion [2], and Ploceus [4]. In some cases, operations are only partially
supported, as denoted by the superscripts.
∗ Only for immediate neighbors
† Ploceus can identify specific node values through the search function
‡ Ploceus does allow for duplication of attributes across tables



2 Gender Bias in Movies

Figure M1: In this use case, described in Section 9.1 in the paper, we investigate gender bias in movies. Here we laded raw movies datasets, consisting of TMDB Movies, Credits, and
People [1] as well as Bechdel Scores [6].



Figure M2: The Bechdel Scores and Movies tables are from different sources, but both refer to movies—in order to combine them, we first convert each to node classes.



Figure M3: We want to connect both classes through IMDB IDs; however, the Movies table has a “tt” string prepended to its imdb_id attribute. Here, we derive a new attribute
based on the Bechdel Scores’ IMDB IDs, to make connection possible.



Figure M4: The state of the network model after connecting Bechdel Scores and Movies



Figure M5: The standard attribute derivation interface, showing how attributes can be derived from connected nodes and edges. Here, we are computing the median rating for a
Movie, based on its connected Bechdel Score. Because Movies and Bechdel Scores have a 1-1 mapping, this de-facto simply copies the rating.



Figure M6: The remaining classes, now that the Bechdel Scores class is no longer needed, and has been deleted.



Figure M7: Here, we unroll nested crew structures (displayed as bracketed counts in the table) as a distinct crew class.



Figure M8: The state of the network model after crew and cast have been unrolled.



Figure M9: The connection interface, where users select a pair of attributes to join, in order to establish a connection between classes. Histograms at the top and bottom indicate how
many connections per item will be created. The stacked bar chart in the center shows how each class contributes to an overall heuristic (see Section 6.4 in the paper) that is suggestive of
which pairs of attributes may be a sensible match. The tables on the right are linked to provide context, giving a preview of the values that will be matched with each other.



Figure M10: Here we unroll nested production company structures; as before, the count of nested objects within each list is displayed in brackets in the table.



Figure M11: With production company objects unrolled, we can see that there are many duplicates in the name column—these are redundant items from the original dataset that need
to be combined.



Figure M12: The state of the network after promoting the name attribute of the duplicate items.



Figure M13: Here, we have converted the intermediate, redundant items into edges, for a cleaner network model.


