Remix in 3D printing:
What your sources say about you
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ABSTRACT

Concurrently with the recent, rapid adoption of 3D print-
ing technologies, online sharing of 3D-printable designs is
growing equally rapidly, even though it has received far less
attention. We study remiz relationships on Thingiverse, the
dominant online repository and social network for 3D print-
ing. We collected data of designs published over five years,
and we find that remix ties exhibit both homophily and
inverse-homophily across numerous key metrics, which is
stronger compared to other kinds of social and content links.
This may have implications on graph prediction tasks, as
well as on the design of 3D-printable content repositories.

1 INTRODUCTION

Rapid prototyping and manufacturing technologies, espe-
cially 3D printing, have grown explosively in the past few
years, substantially lowering barriers to entry in designing
and making physical objects. Objects can be rapidly and
easily manipulated in a computer, and can be published and
shared [2, 3] (similar to, e.g., documents, software, or music).
As a result, online sharing of 3D-printable designs is growing
rapidly [10]. This can have implications on the design and
innovation processes for physical products and, therefore,
studying it is important. A key socio-technical phenomenon
is remizing, where one or more source designs are combined
and modified, to produce a derivative design.

We collected real data spanning several years from from
Thingiverse, the most popular online content publishing
and social network platform for 3D printable designs. The
extracted data can be naturally modeled as a collection of
graphs with numerical node attributes.

Our main contributions are: (1) Methodology: We propose
a graph auto-regressive model, suitable for analyzing remix
networks with node attributes; (2) Ezperiments: Our analy-
sis is based on real data we collected, consisting of designs
published over a span of almost five years; (8) Observations:
To the best of our knowledge, we are the first to observe ho-
mophily and inverse-homophily in remix networks. We frame
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the question of remix link value as a graph auto-regression
problem, extending widely used measures of assortativity [9].

2 DATA

The data consist of all 36,504 public “things” published
from September 2008 to March 2013 on Thingiverse, 8,126
users, and 4,373 collections (average size 11.5 items). The
two main entities are things and users. Things are created
by exactly one user.

A relation of particular interest, and the central topic
of this work, is a remiz. Creators can indicate that their
design “remixes” another. This is a directed many-to-many
relationship, from a source thing which is remixed into a
derived thing. A remix relation indicates creative affinity
and it is a form of self-declared credit, where a remix: (i) is
a direct derivative of the source, often re-using design files;
(ii) is inspired by the source thing, even if it is reworked from
scratch or a complete re-purposing of the original; (iii) uses
or extends the source thing (e.g., add-on parts, or component
re-use). Any user can also curate named collections and
add things to them. The number of collections in common
between two things is another good proxy for design affinity.

The relationships of interest among designs are naturally
formalized as a graph G = (V, E). Nodes t € V always cor-
respond to things, and have a set of N numerical attributes,
z;(t), 1 <i<N. We compare three graphs, which capture
associated but different relationships between things. The
first is the remiz graph Ggr, where edge (ts,tq) € Eg is
present if ¢; is one of the source designs for derivative tq
(see http://bitquill.net/make/remix/ for interactive vi-
sualization). Similar to Ggr, we define the co-collection and
same-author graphs, G¢ and G4, where an edge is present if
two things appear together in the same collection(s), or are
created by the same author, respectively.

3 ASSORTATIVITY ANALYSIS

The rich combination of attributes (user interest, popular-
ity, and content), and relationships available on Thingiverse
allows us to compare the value of these relationships as a
regression problem.

In a preliminary analysis [10], we performed standard mul-
tivariate regression across thing attributes, ignoring graph
structures. Following a widely used measure of network
homophily [9], we extend our analysis, proposing an auto-
regressive graph model, which assumes that the value x;(t)
of the i-th attribute of node t depends both on the values
z;(t) of the other attributes of the same node, as well as
the values z;(t') of it’s neighbors (¢',t) € E. Letting m? :=
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weight to each node, and to each edge [9], respectively. We
then estimate t-test values (adjusting sample weights as nec-
essary), to measure statistical significance.

Results. We use two kinds of thing attributes: (i) inherent
metrics of importance or popularity (number of views, down-
loads, likes, makes, and collections containing the thing) or
design complexity (number of files), and (ii) structural met-
rics including in- and out-degree (number of sources and of
remixes) and clustering coefficient. Most features represent
highly skewed counts, hence we apply a logarithmic trans-
formation (effectively fitting log-linear models). We apply a
logit transformation to the the local clustering coefficient.

Figure 1 plots the normalized absolute t-score values (higher
is better) for both self-node (blue) and cross-neighbor (green
and purple) features. Green bars are additionally annotated
with their value relative to the corresponding blue bar. We
mark features having p > 0.01 with an x. The sign of the
corresponding regression coefficients is indicated above each
bar. t-scores are related across networks but not identical,
since the samples (nodes) may differ (we remove disconnected
nodes). Surprisingly, the co-collection network (omitted for
space) carries little information, with only a few significant
correlations, which arise effectively by definition.

Compared to other networks, neighbor features have the
highest overall significance in the remix network. Starting
with same-attribute homophily, we observe homophily on
the number of files; complexity generally stays the same
(the stronger significance of downloads is likely due to how
those are counted). Next, the number of views on neighbors
(remix sources) is among the best predictors for the number
of views on the node itself. The same is true for number
of collections, possibly because designs related via a remix
are often viewed together, or collected together for future
reference. On the other hand, the same is not true for
the number of downloads and makes, likely because users
choose only one of those related designs. Moving on to cross-
neighbor features, the number of remixes of neighbors is
almost as good a predictor of the number of makes as is
the number of remixes of the node itself (108%), but with
an interesting twist: the coefficient for neighbor remixes is
negative, whereas for self remixes it is positive. The same is
true for the reciprocal relationship.

More often than not, the sign of the coefficients for self
and neighbor features are opposite, although not always in
the same direction. Notably, the effect of the number of
sources on the number of (re-)remixes is negative for the
self-feature, but positive for the neighbor feature. Exceptions
include the effect of the number of files on downloads. As
previously observed [10], these have a negative effect on
downloads (people prefer simpler designs) and the same is
true for neighbors’ files (complex sources have a further
negative effect on downloads).

Related work. To the best of our knowledge, very few data-
driven studies analyze 3D-printable digital content [10, 7],
and try to understand the technology’s broader implications.
Remixes have been studied in other domains, including [11,
4, 8, 6]. Measures of assortativity were introduced by [9],
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(a) Remix network.
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(b) Same-author network.

Figure 1: Predictive power of self and neighbor features.

and studied further, e.g., [1, 5]. We build upon some of that
work.

4 CONCLUSION

3D printing turns physical things into digital content, bring-
ing the power of the web to their design and production.
Based on data we collected from Thingiverse, which com-
bines social and content networks with inherent attributes
of design importance, popularity, and complexity, we are
able to approach the question of the value of remix links
as a regression problem, by extending standard measures of
assortativity into a graph auto-regression model, allowing us
to gain insights about the usefulness of the remix mechanism.
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