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Abstract

Diffusive and contagious processes spread in the context of one another in connected populations. Diffusions may be more likely to pass
through portions of a network where compatible diffusions are already present. We examine this by incorporating the concept of
“relatedness” from the economic complexity literature into a network co-diffusion model. Building on the “product space” concept used in
this work, we consider technologies themselves as nodes in “product networks,” where edges define relationships between products.
Specifically, coding languages on GitHub, an online platform for collaborative coding, are considered. From rates of language co-occurrence
in coding projects, we calculate rates of functional cohesion and functional equivalence for each pair of languages. From rates of how
individuals adopt and abandon coding languages over time, we calculate measures of complementary diffusion and substitutive diffusion
for each pair of languages relative to one another. Consistent with the principle of relatedness, network regression techniques (MR-QAP)
reveal strong evidence that functional cohesion positively predicts complementary diffusion. We also find limited evidence that functional
equivalence predicts substitutive (competitive) diffusion. Results support the broader finding that functional dependencies between
diffusive processes will dictate how said processes spread relative to one another across a population of potential adopters.

Keywords: networks, diffusion, innovation, relatedness, Computational Social Science

Significance Statement

This article assesses how a set of related technologies co-diffuse with one another by looking at how the diffusion of users between
innovations relates to the compatibility of innovations. Building on both prior studies of network diffusion and research on “related-
ness” from the economic complexity literature, we use publicly available GitHub data from millions of users and coding projects to
examine how the co-diffusion of coding languages relates to how frequently they appear alongside one another in the same project,
or if they tend to serve as substitutes for one another.

Introduction

How do technologies spread with and against one another? Most
prior work considers whether individuals adopt an individual
technology as it spreads across a network. Moreover, this tends
to focus primarily on new entrants, or innovations, within a
broader set of interconnected technological products. Here, we
consider how new technologies, and products more generally,
may grow with and against each other in a network of their
own. This builds on previous research studying competitive and
overlapping contagious processes and by incorporating measures

of how diffusing products functionally relate to one another, simi-
lar to the notion of “product space” from the literature on econom-
ic geography and complexity. The degree to which different
technological products are used in conjunction or in place of
one another affects how languages share or transfer users.

Network models of innovation and diffusion

Research on innovation diffusion is essentially research on how
products diffuse with respect to the beginning of their life cycle
and is often the focus of network-based analysis. The prototypical
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diffusion process involves the gradual spread of a possibly conta-
gious phenomenon such as an idea, technology, or disease,
through a certain proportion of a population (1). When someone
catches a virus or accepts an idea, they become a vehicle of trans-
mission, accelerating growth until the decaying base of potential
recruits decelerates growth. The diffusion curve generated by
this process provides a good null model, but the innovation trajec-
tory is largely influenced by the characteristics of innovations, the
characteristics of innovators, and the environmental context (2).
More sophisticated models will incorporate the mechanisms
that are unique to each diffusion. For example, a disease can sim-
ply jump from one person to another as a result of physical prox-
imity, whereas a belief may require social interactions with
multiple individuals and a conscious decision by the recipient to
spread. Contagious processes that require multiple points of con-
tact are referred to as “complex” (3, 4).

An additional layer of complexity is introduced when the inter-
action of diffusive processes is considered. As has been shown
with the transmission of infectious diseases, the spread of one
contagion may facilitate the spread of another (5-7), and the
spread of information and awareness may inhibit their diffusion,
albeit indirectly via altering the behaviors of individuals. (8, 9).
Similar contagion dynamics may affect products and technologic-
al innovations, one example being the co-diffusion of UPC codes
and Scanners (10). Examining the world of product diffusion in
general invites the consideration of competing products and inno-
vations, one popular case being the competition between VHS and
Betamax in the 1980s (11-13). Competitive co-diffusion has also
been examined using a simulation-based approach (14).

Some examinations of interacting diffusive processes have
scaled up to look at how larger sets of contagions can interact
with each other. Simulation-based analyses of multiple compet-
ing contagions have examined how the limited cognitive space
and network structure of individual actors can inherently cause
heterogeneous and polarized levels of success within a set of com-
peting contagions (15, 16), or considered how different contagion
types (i.e. simple vs. complex) can be temporally intertwined in
the same diffusive process and become codependent (17, 18).
Empirical work has also shown that contagions in online spaces
can become intertwined (19, 20). (For a more comprehensive re-
view of co-evolving diffusive processes, see (21).) While such cases
are illuminating, they do not account for the complex relation-
ships that may characterize a larger set of diffusing technologies
in which the focal innovations are embedded. Furthermore, large
sets of technologies may have substitutive relationships (VHS and
Betamax) or complementary relationships (UPC codes and scan-
ners) with one another, providing an opportunity to observe larger
networks of interacting diffusive processes.

Product space and relatedness

Considering a larger set of phenomena, we can envision a network
of connected contagions at a level of abstraction beyond the net-
work of connected individuals. The literature on economic geog-
raphy and complexity provides a promising direction for how a
set of interacting and intersecting products can be considered in
the context of one another. The notion of a “product space” was in-
troduced to describe which products require similar infrastruc-
tures, and how nations or regions that are advantaged or
disadvantaged by their position in this space could grow and tran-
sition their mix of economic exports (22, 23). The position of a na-
tion’s industrial capacity in product space can set it on a certain
trajectory, where countries with complex economies that occupy

high-density areasin the core of product space, as well as a diversity
of positions, are well positioned for future growth (24, 25).

The general principle that an individual, firm, region, nation, or
other entity will embrace a new productive activity with a prob-
ability that is proportional to activities they already participate
inis referred to as “relatedness” (26, 27). This finding has been va-
lidated in a variety of contexts. In a context of technological innov-
ation and production, technologies that are related to each other
through patents are likely to emerge in the same regions (28, 29),
the product space of a region will affect its ability to develop pat-
ents (30), and new product types are likely to emerge in areas close
toregional centers of industrial structure (31). Similarly, studies of
labor and geography have revealed that occupations that are
linked through shared skills are likely to emerge in the same job
markets (32, 33). This principle also applies to the world of knowl-
edge production; branches of scholarship that are related through
overlapping scholars are likely to emerge in the same universities
(34).

Certain parts of product space may be beneficial to the prod-
ucts themselves, not just the producing actors that work in those
spaces. For example, new scientific ideas that are embedded with
a set of established concepts tend to diffuse more widely (35).
Similarly, certain ideas, products, or practices may be more or
less compatible with one another, and an individual’'s adoption
of one may make them more or less susceptible to others.
Focusing specifically on the context of innovation and the co-
diffusion of new technologies, certain products may be explicitly
designed to build on (or undermine) the success of other products
and spread across their existing user bases. Products may be de-
signed to target another technology by either trying to replace it
or by trying to complement it and ride on the coattails of its suc-
cess. Alternatively, a new innovation may unintentionally exploit
or replace existing technologies. Whether functional relation-
ships between technologies are intentional or incidental, the pres-
ence of one technology can change the costs or benefits of
adopting other technologies. Different positions in a constantly
evolving product space may provide opportunities for growth, vul-
nerability to decline, or both.

Collaborative coding as an empirical case

While a primary aim of the product space literature is to explain
which parts of the space can accelerate or hinder the growth of
national or regional economies, our concern is with the diffusion
and remission of the products themselves. The vast number of
computer programming languages that have emerged over the
years offers a compelling case study for a set of competing and co-
operating technological products. Although spoken languages
have been considered in previous work on diffusion (36), the fre-
quency and speed with which programming languages can be
adopted offers a far more dynamic and data-rich context for
examination. Integrating prior work that has considered the
case of computer language co-development as a site of competi-
tive innovations (37, 38) and examined product spaces of software
development (39), our aim is to demonstrate that the diffusion of
technological products is related to how they are functionally
positioned in a broader ecology of adjacent technologies.

An extensive empirical dataset available from the GitHub pub-
lic repository enables an examination of diffusing products on a
grand scale. In contrast to other diffusion research, we do not
use this data to examine how innovations spread relative to a net-
work of interconnected individual users (although many of them
certainly are connected to one another in one way or another).
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Instead, we analyze how these languages build on each other and
detract from each other and constitute a broader network of tech-
nologies. We test the overall network of languages for the pres-
ence of two types of diffusion: substitutive (or competitive)
diffusion where one product (language) tends to replace and im-
pede the spread of another, and complementary diffusion where
one product spreads disproportionately in the presence of another
language.

The aforementioned studies of relatedness and product space
often focus on relatedness as it pertains to the success of the pro-
ducer. The unit of observation is a distinct social or economic unit,
the location in product space is an independent variable, and the
dependent variable is an economy, firm, or sector’s adoption of a
product. Instead, we use interrelated networks of products them-
selves (an expression of product space) to explore how potential
users are shared and stolen between different products, making
the products themselves (and the connections between them)
the primary units of observation.

Our measures of diffusion are dyadic, and depend on how users
of alanguage at time t adapt another language at time t + 1. These
rates of diffusion between languages are modeled on the basis of
how pairs of languages are used together at time t. Drawing on fun-
damental work in social network analysis that connects individuals
based on shared group memberships (40), we use bipartite relation-
ships between languages and projects to determine how languages
are functionally connected to one another. From this network of
connections, we draw on earlier work emphasizing the difference
between the structural equivalence of nodes (where nodes have
similar sets of connections) and cohesion (where nodes are
connected to one another) in social networks (41, 42), to create and
quantify concepts of functional equivalence and cohesion.
Functionally equivalent languages frequently co-appear with the
same sets of other languages, implying they may be substitutes,
whereas functionally cohesive languages frequently appear with
one another, suggesting that the use of one enables or enhances
the use of another. Similar complementarity and substitutability
frameworks have been used to think about market competition strat-
egles (43) and toimprove recommendation approaches in large prod-
uct spaces (44, 45). Measuring these concepts of co-diffusion and
co-functionality within a large public and collaborative online work-
ing space provides a rare portrait of how large sets of interrelated
technologies percolate with one another in a broader community.

Data

The data we use come from the GHtorrent database (originally
available at GHtorrent.org), which was originally retrieved from
the GitHub API GitHub is a social coding platform where groups
and individuals collaboratively edit shared coding projects, al-
though many projects feature only one individual programmer.
These data have been used extensively to study processes of group
collaboration, emergent hierarchies, and meaning-making (46, 47).
GitHub data have also helped illuminate how gendered inequalities
emerge in technology work groups (48, 49), and the role of gender di-
versity in group success (50). This study takes a wider lens and fo-
cuses on the broader patterns of how programming languages
spread relative to one another as a whole. We focus on a subset of
the data from the beginning of 2010 to the end of 2018. For each pro-
ject that is entered in the GitHub dataset, an initial user, date, and
set of languages are available. This allows us to construct one
data set that summarizes how languages co-occur with one another
across projects, and another data set which contains the history of
yearly language use for individual GitHub users.

The co-occurrence of languages within projects is independ-
ently assessed for each year and indicates which languages are
frequently used with one another (functional cohesion) and which
languages may be interchangeable with one another (functional
equivalence). The language usage patterns of individuals in aggre-
gate provide a measure of how languages diffuse with (comple-
mentary diffusion) and against (substitutive or competitive
diffusion) one another in the broader GitHub community. These
diffusion measurements are dynamic and require data from two
adjacent time periods, each one year in length. A time window
length of a year is short enough to capture temporal changes in
mechanisms (and also allows the estimation of several models
as a robustness check), but long enough to allow users of a lan-
guage in any time window t sufficient time to use that language
againin timet + 1. It also eliminates any potential issue of season-
al variation in coding behavior and activity. Specifically, the pat-
terns of how languages are used together on projects during one
time period, t, is used to predict how language users will begin us-
ing new languages between time period t and time period t+ 1. A
quantitative summary of the total number of languages, projects,
and users in each of the eight overlapping 2-year windows is pro-
vided in Table 1. A visual summary of the proposed types of co-
functionality and diffusion, and the hypothesized relationships
between them, is provided in Fig. 1.

Hypotheses

Given the data and context at hand, we expect network co-
functionality and diffusion to relate to one another in the follow-
ing ways:

H1: Functional cohesion between two languages will predict
higher rates of complementary diffusion. The use of one lan-
guage will lead to the use of the other in a later time period.
(This hypothesis corresponds most directly to the principle
of relatedness in the data.)

H2: Functional equivalence between two languages will posi-
tively predict competitive substitutive diffusion. The inter-
changeability of languages will cause their users to be more
likely to switch from one to the other.

H3: Functional cohesion will negatively predict substitutive
(competitive) diffusion. If two languages are frequently
used with one another they will be unlikely to undermine
each other’s user base. (This hypothesis is a converse impli-
cation of relatedness.)

H4: Functional equivalence will positively (H4a) or negatively
(H4b) predict complementary diffusion. We donothave a sin-
gle prediction on whether functional equivalence will be
positively or negatively associated with complementary dif-
fusion. Functional equivalence may indicate that two lan-
guages are used for the same purpose, thus domain experts
in said purpose may add more languages to their repertoire.
On the other hand, if a user knows how to complete a task
with one language, they may gain little benefit from learning
another. (This relationship is considered using two-tailed cri-
teria for statistical significance.)

Methods

Determining the relationship between diffusion and functionality
requires us to consider how languages are both shared by projects,
which shows the extent to which they are used together, and by
individuals, which shows how languages spread between and
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Table 1. Summary of data analyzed in the GitHub dataset—for each overlapping 2-year window, summaries of total (multilanguage)
projects and average languages per (multilanguage) project are shown for year t, the users activein both years t and t + 1, and the number
of languages that are included in the final network analysis across both years.

Year Year Multiple language Languages per Users in Languages in final network

t t+1 projects in t projectin t t & t+1 (0.5%) (1%) (2%)
2010 2011 45,440 3.45 53,822 23 20 13
2011 2012 131,849 3.56 127,130 24 20 12
2012 2013 373,865 3.44 336,115 25 17 14
2013 2014 886,170 3.46 603,260 30 18 15
2014 2015 1,620,247 3.49 928,088 28 19 16
2015 2016 4,781,850 3.93 1,478,089 29 20 15
2016 2017 2,805,822 3.80 2,217,855 25 17 14
2017 2018 5,931,636 4.04 2,937,140 26 16 14

Languages with fewer than 0.5, 1, or 2% of users in year t are excluded from final network models of diffusion for that period. (Separate models are estimated with

each of these three cutoffs as a robustness check.)

t=n

Functional Cohesion

t=n

Functional Equivalence

Oo oo
\=f = \=f
—

t=n t=n+1

t=n+1

Substitutive Diffusion

Fig. 1. Anillustration of the two proposed types of functional relationships between languages (top-left and bottom-left) and the two proposed types of
diffusion across users (top-right and bottom-right) and the (one-directional) hypotheses that exist between them (black arrows in center of figure).
Functional cohesion (top-left) indicates that two languages (A and B) are featured in the same projects, whereas functional equivalence (bottom-left)
indicates that two languages appear in the same projects with the same other languages (denoted by a “*”). Complementary diffusion (top-right) refers to
the case where a user of A or B becomes a user of both A and B, whereas substitutive (or competitive) diffusion (bottom-right) refers to the case where a

user of A becomes a user of B, or a user of B becomes a user of A.

across the minds of individual users. Our main set of independent
variables are the overlaps between languages by project, and our
main outcome variables are the overall usage and co-usage pat-
terns of language by individual users. We use temporal lagging
to ensure that the co-diffusion patterns across users are not deter-
mined by project co-usage.

More specifically, to test our hypotheses, we use Multiple
Regression Quadratic Assignment Procedure (MR-QAP) to assess

how functional cohesion and functional equivalence influence
diffusion. The outcomes of interest are conceptually similar to
what is estimated in an entry model (in the case of complemen-
tary diffusion) or an exit model (in the case of substitutive diffu-
sion), but the key unit of observation are pairs of languages
(technologies) in a connected network, as opposed to individuals
or entities that are beginning or ceasing to use the technology
themselves.
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For all languages that hit a minimum usage threshold in yeart,
we calculate matrices (C and E) measuring functional relation-
ships between each pair of languages at time t. We also construct
matrices (U and V) estimating rates of diffusion between times t
and t+ 1. A functional cohesion matrix (C) is calculated from the
ratio of observed-to-expected cases of co-occurrence between
each pair of languages. A functional equivalence matrix (E) is de-
rived by calculating the cosine similarity of each pair of language
vectors in the functional cohesion matrix, C. A complimentary dif-
fusion matrix (U) is calculated by looking at the log-odds increase
that using a given language A in year t had on newly adopting Bin
yeart+ 1. A competitive/substitutive diffusion matrix (V) is calcu-
lated by looking at the log-odds increase that using a given lan-
guage A in year t+ 1 had on ceasing usage of language B in year
t+ 1. The final set of models uses MR-QAP to estimate the relation-
ship between the functional matrices C and E have on the diffu-
sion matrices U and V.

Below, we summarize our methodological strategy for calculat-
ing (i) functional relationships between languages, (ii) rates of dif-
fusion, and (iii) estimating the latter as a function of the former.

Calculating functional cohesion and equivalence
matrices

The GitHub dataset allows us to look at how frequently languages are
being used together within projects, and how pairs of languages are
used for similar purposes across projects (denoted by their use along-
side similar other languages). “Functionally cohesive” languages are
used together and frequently appear in the same projects, whereas
“functionally equivalent” languages are used alongside the same oth-
er languages, suggesting they are interchangeable.

The entries in the matrix measuring functional cohesion, C, can
be defined in terms of a measure of cohesion, ¢, for each pair of
languages:

_ & 1A)=16)
o ;kl*(ki—l)*

Cas = o8 ().

Where A and B are row and column entries corresponding to specific
programming languages, iis an index for each of the n projects from
theyeart, and k; is the number of languages that are featured in pro-
ject i. I(A) and I(B) are indicator variables for the presence of lan-
guages A and B within project i. The denominator, ky(k; — 1)*3,
ensures that each project i contributes the same overall weight to
the matrix. This is a way of projecting a set of hyperedges (51) that
exist between one language and several projects into a weighted
single-mode network of languages. The expected value of each cohe-
sion value, E[c, ], is calculated via simulated “re-shuffles” of the re-
lationships between projects and languages, where languages occur
in the same number of projects and each language’s set of corre-
sponding projects has the same distribution of “k” values (total num-
ber of languages). Borrowing from the methodological logic used to
calculate chi-square values in the comparison of theoretical and ob-
served distributions (52), we look at the ratio of the observed func-
tional cohesion to what would be expected by chance. The logic
also resembles the revealed comparative advantage (RCA) in the
economic literature, which compares how much a certain nation ex-
ports a certain product compared to an expectation based on the na-
tion’s overall productivity and the overall global production of that
product (53). Similar calculations have been used in more recent ex-
aminations of relatedness (23, 25, 54).

N[

The cohesion matrix, C, is then used to create a functional
equivalence matrix, E, that considers how languages A and B co-
occur with each other language X:

1 1
\/Zx szx,x " \/Zx C%,x '

Eap= Z Cax * Cpx *
%

Calculating diffusion rate matrices

The dependent variable matrices are calculated by looking at how
many individuals use and do not use pairs of languages during two
consecutive time windows. Complementary diffusion is deter-
mined by looking at how users of language A during time window
t adopt language B compared to the likelihood of a user of neither
language during time window t beginning to use language B during
time window t+ 1. The cells of the matrix U are populated by
measures of complementary diffusion from language A to B:

IBr1 0 (Ar N Byl

_ |A: 0 By

P(Bw1| (A A By) IBiar N (Ac N By)|
|A¢ N B

Unv = P(Bu | (At ABY)
AB =

Where A; and B; refers to the set of users of language A and B re-
spectively during time window t, and A1 Bi41 refers to the users of
language A and B during time window t + 1.

Substitutive (competitive) diffusion is determined by looking at
the proportion of users of language A and B during time window t
that stop using language B during time window t + 1, compared to
those that only used language B during time window t but did not
use the language during time window t + 1.

[Ber1 N (Ar N By

_ [At N By

P(Bu1 | (At ABY) IBer1 N (AN Byl
|Ac N Bl

Ve = P(Bu1 | (At ABy)
AB =

We limit our analysis to users who participated on the platform in
both years for any given sequence of 2 years contained in our data-
set, ignoring users who either enter the community in yeart + 1 or
leave the community after year t. For each pair of adjacent time
windows t and t+ 1, a randomly selected subset of 250,000 users
who participated in a project in both years (or all users when
the total number is less than 250,000) are analyzed. Each pair of
languages thathas a representation of higher than 0.5% in the first
year of the sample are considered. (Separate models are eventual-
ly estimated for representation cut-off levels of 0.5, 1, and 2%.)

To limit the influence of outliers and normalize the variable
distributions before implementing each of these dependent varia-
bles in the final set of models, the numerator and denominator of
each side are given n-plus-one smoothing, and then the log of the
overall ratio is taken. This makes the final formulas for the entries
of matricies U and V:

[Bu1 N (A nB)|+1
[Acn B +1
[Beyr N (At n B_t)l +1)
Ay 0 Byl +1
Bzt N (AN B+ 1
[At N Bi|+1
Bzt N (AN B+ 1
‘At N Btl +1

UA,B = log

vA,B = 10g

The distribution of both functional predictors, compared to the
two diffusion outcomes of interest, is shown in Figs. 2 and 3 for
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the year 2014 (with diffusion being measured from 2014 to 2015).
Each point in the plots corresponds to one pair of languages, with
functional equivalence plotted on the horizontal axis, functional
cohesion plotted on the vertical axis, and the color corresponding
to the observed level of diffusion between the two languages.

MR-QAP modeling of diffusion rates

While visualizations can shed some light on the nature of the
data and relationships between variables, the estimation of
network-level models of diffusion is necessary to contend with
and account for the issues of dyadic independence that can con-
found the results of the relationship between one network and
another.

A series of MR-QAP models are estimated for each pair of con-
secutive years (55, 56). This is a permutation-based procedure
that allows the assessment of point estimates of the relation-
ships between predictor and outcome networks. (For other
more recent examples of how a series of how MR-QAP can be

used to reveal insight across multiple network datasets, see
Refs. (57) and (58).)

Here, this method illustrates how networks of normalized
functional cohesion (C) and functional equivalence (E) between
pairs of languages in year t shape networks of complementary dif-
fusion (U) and substitutive diffusion (V) from year t to year t+ 1.
Stated in terms of the matricies introduced in the prior sections,
our two final models take the following form:

Uttr1 =Ci +E¢
Vitg1 =Ct +Et.

From 2010 to 2018, models are estimated for complementary
and substitutive diffusion that use networks of cohesion and
equivalence. Separate models are estimated for each of the
eight full 2-year sequences available in the data. The tests are
permutation-based; from a hypothesis-testing perspective, we
are primarily interested in how the coefficients generated for
each network compare to the distribution of coefficients
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Fig. 2. This image shows the distribution of rates of functional equivalence, as measured by cosine similarity between languages, and functional
cohesion, as measured by overlap in user bases, in relation to the overall observed levels of substitutive diffusion. Circular (green) points/density curves
correspond to the 25% of language pairs with the highest levels of substitutive diffusion, cross (purple) points/density curves correspond to the 25% of
language pairs with the lowest levels, and triangles (gray) correspond to the middle 50%. (Each (x,y) coordinate that corresponds to a pair of languages A
and B also corresponds to the pair of languages B and A, so each point is slightly translucent to allow both points some visibility.)
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Fig. 3. This image shows the distribution of rates of functional equivalence, as measured by cosine similarity between languages, and functional
cohesion, as measured by overlap in user bases, in relation to the overall observed levels of complementary diffusion. Circular (green) points/density
curves correspond to the 25% of language pairs with the highest levels of complementary diffusion, cross (purple) points/density curves correspond to the
25% of language pairs with the lowest levels, and triangles (gray) correspond to the middle 50%. (Each (x,y) coordinate that corresponds to a pair of
languages A and B also corresponds to the pair of languages B and A, so each point is slightly translucent to allow both points some visibility.)

generated by chance, as opposed to the overall explanatory
power of the two variables.

There are three models for each year that correspond to differ-
ent cut-off rates for language inclusion. Rates that are too high
and exclusive limit analysis to a small number of languages, limit-
ing potential statistical power, whereas rates that are too low will
include low-popularity languages whose measures may add too
much noise to the overall model. Models using rates of 0.5, 1,
and 2% are all estimated to illustrate how this cut-off level affects
the overall results and as a robustness check.

Network diagrams highlighting the observed relationship be-
tween each of the independent variables (functional cohesion
and functional equivalence) and dependent variables (comple-
mentary diffusion and substitutive [competitive| diffusion) are
presented in Figs. 4 and 5. Although these diagrams show the
2014-2015 time period with a cutoff 2%, our final models consider
all 24 (eight 2-year periods * 3 cut-off levels) possible year and cut-
off combinations contained in the dataset.

Results

We hypothesized that functional equivalence would positively
predict substitutive diffusion, and that functional cohesion would
positively predict complementary diffusion but negatively predict
substitutive diffusion. We do not have a one-directional predic-
tion for how equivalence may influence complementary diffusion,
as mechanisms for both positive and negative effects both seem
plausible. Table 2 shows a set of coefficients for six MR-QAP mod-
els for one year and cut-off level, the two complete models featur-
ing both predictor networks for each outcome network, and four
models using one predictor network and one outcome network.
The results of all 48 complete models featuring both predictor
networks (8 years * 3 cut-off values * 2 types of diffusion) are
shown in Fig. 6 and numerical values of the coefficients and
P-values are provided in Tables 3 and 4. Our hypotheses on the
role of functional cohesion are confirmed in both sets of models,
with largely consistent results across both year and size of the cut-
off. The co-occurrence of two languages in time t strongly and



8 | PNAS Nexus, 2024, Vol. 3, No. 12

A

Complementary Diffusion Ratio — (1) High Complementary Diff.

B

Substitutive Diffusion Ratio — (1) High Substitutive Diff.

coffeescript

(2) Medium Complementary Diff. — (3) Low Complementary Diff.

— (3) Low Substitutive Diff.

(2) Medium Substitutive Diff.

Fig. 4. Network of language co-occurrence and diffusion rates from 2014 to 2015, for languages that are used by over 2% of GitHub users. Edge thickness
corresponds to the absolute value of the log observed-to-expected ratio, and edge color corresponds to whether the rate of diffusion is in the bottom 25%,
middle 50%, or top 25% for the pair of languages. Complementary diffusion is shown on the top, and substitutive (competitive) diffusion is shown on the

bottom.

positively predicts the tendency for users of one language to adopt
the other language in time t + 1. Furthermore, this negatively pre-
dicts the tendency for users of one language to abandon the other
language at time t + 1. This finding is statistically significant in 21
of 24 models at a level of P < 0.05.

The role of functional equivalence is more difficult to deter-
mine. Recall that there is not a one-directional prediction for
how functional equivalence will be associated with complemen-
tary diffusion. There are reasonable mechanisms that could cause
this relationship to be positive or negative. In models correspond-
ing to earlier years in our data, equivalence tends to positively pre-
dict complementary diffusion at levels either at or near statistical
significance, yet this effect fades over time. (This could be evi-
dence of a mechanism that generates a negative relationship
gradually becoming more powerful relative to a mechanism that
generates a positive relationship, but this cannot be said with
certainty.)

In models predicting substitutive (competitive) diffusion, func-
tional equivalence tends to be a positive predictor, but only at a
statistically significant level in 2% cut-off models for 2015 and

2016, while nearing positive statistical significance in the 2% mod-
elsin 2010 and 2013. While the results in aggregate tend to suggest
that this effectis more positive than expected by chance, especial-
ly in the 2% cut-off models that are less influenced by low-
popularity languages, the predictor does not show the strength
that functional cohesion does. Taken together, these results offer
far milder support for the hypothesis that functional equivalence
positively predicts substitutive diffusion in this empirical context.

Discussion

Building on prior examinations of “relatedness” and interacting
contagions, the data and analysis demonstrate that the functional
compatibility of diffusive phenomena can influence how they
share and swap potential adopters. Prior work that draws on the
concept of “product space” emphasizes how groups of actors in
certain areas of this space are better poised to create new products
or ideas. Here, we have focused on the fortunes of the creations,
rather than the creators. This shift in focus can be especially in-
formative when physical infrastructure (i.e. the presence of
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(2) Medium Complementary Diff. — (3) Low Complementary Diff.
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Fig. 5. Network of language equivalence and diffusion rates from 2014 to 2015, for languages that are used by over 2% of GitHub users. Edge thickness
corresponds to the absolute value of the calculated equivalence between each pair of networks, and edge color corresponds to whether the rate of
diffusion is in the bottom 25%, middle 50%, or top 25% for the pair of languages. Complementary diffusion is shown on the top, and substitutive

(competitive) diffusion is shown on the bottom.

Table 2. Coefficients for MR-QAP models using networks constructed from the years 2014 and 2015 with a 2% cutoff for network inclusion

(the same data shown in Figs. 4 and 5).

Models Complementary diffusion (U) Substitutive diffusion (V)

Year: 2014-2015; Cutoff: 2% 1 2 3 4 5 6

Constant 0.4161 0.3118 0.4166 —-0.1305 -0.1112 -0.1335

Network predictors

Functional cohesion (C) 0.447 —0.0024 —0.0905 0.016
(0.992) (0.989) (0.008) (0.001)

Functional equivalence (E) 0.1848 0.4477 —0.0238 —0.0953

(0.968) (1.000) (0.146) (0.000)

For each outcome network (U and V), one model is shown with the cohesion matrix (C) as a predictor, one is shown with the equivalence matrix (E) as a predictor, and
one is shown with both. P-values (in this context, the percentage of simulations that have a coefficient value that is less than the observed value) are shown in

parentheses.

specific factories and utilities, the proximity of an appropriate
workforce) is less of a limiting factor. Instead, the only limiting
factoris the limited amounts of human attention and mind-share
in a population (59). Coding languages are tools that can easily
diffuse to new wusers, or disappear from their repertoire.
Examinations of how sets of cultural or ideological phenomena

become collectively correlated and anticorrelated in a population
have illustrated the importance of socio-cognitive processesin the
life cycle of ideas, beliefs, norms, or practices, regardless of their
underlying content (60-62). Our analysis shows that the relation-
ship between cognitive objects of diffusion does influence how
they might spread with and against one another, even if
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Fig. 6. Coefficients and P-values for each of the 24 models estimated for both complementary and substitutive (competitive) diffusion. Three models are
estimated for cut-off points of 0.02, 0.01, and 0.005 for each year. Cohesiveness is a consistent positive predictor of complementary diffusion and a
consistent negative predictor of substitutive diffusion. Functional equivalence, on the other hand, is a positive but somewhat inconsistent predictor of
complementary and substitutive diffusion. In the case of complementary diffusion, the effect of functional equivalence shifts from positive to neutral
over time, and in the case of substitutive diffusion, the effect of functional equivalence tends to be more positive with larger cut-off values.

Table 3. The results of MR-QAP models of complementary diffusion of languages between users over the course of two consecutive

calendar years on the cohesion and equivalence of the languages in GitHub projects during the first year.

Cutoff Yeart Year t+1 Constant Cohes. Coef. T-Stat Sim.<Obs. Equiv. Coef. T-Stat. Sim.<Obs.
0.005 2010 2011 0.254 0.53 7.714 1 0.188 2.179 0.907
0.005 2011 2012 0.262 0.406 6.743 1 0.165 2.141 0.92
0.005 2012 2013 0.338 0.329 6.783 1 0.28 3.522 0.964
0.005 2013 2014 0.286 0.272 7.275 1 0.445 5.799 0.997
0.005 2014 2015 0.348 0.367 8.698 1 0.226 2431 0.9
0.005 2015 2016 0.398 0.314 7.121 1 0.317 4.034 0.984
0.005 2016 2017 0.548 0.334 7.477 1 0.348 4.235 0.994
0.005 2017 2018 0.432 0.181 5.303 0.998 0.491 6.666 1
0.01 2010 2011 0.215 0.382 5.482 1 0.242 2.657 0.966
0.01 2011 2012 0.227 0.311 4.817 1 0.17 2.079 0.909
0.01 2012 2013 0.226 0.23 4.441 1 0.145 2.154 0.917
0.01 2013 2014 0.272 0.283 4.863 0.998 0.116 1.481 0.784
0.01 2014 2015 0.248 0.367 5.803 0.998 0.06 0.751 0.67
0.01 2015 2016 0.326 0.422 7.399 1 0.043 0.484 0.623
0.01 2016 2017 0.394 0.386 8.09 1 0.022 0.251 0.557
0.01 2017 2018 0.424 0.422 8.912 1 -0.037 -0.516 0.344
0.02 2010 2011 0.085 0.516 6.068 1 0.18 1.935 0.955
0.02 2011 2012 0.079 0.472 6.049 1 0.132 1.66 0.95
0.02 2012 2013 0.196 0.235 4.089 0.994 0.143 2.003 0.895
0.02 2013 2014 0.246 0.28 4.317 1 0.084 0.976 0.706
0.02 2014 2015 0.221 0.341 4.742 0.999 —0.043 —0.465 0.426
0.02 2015 2016 0.212 0.556 8.076 1 -0.175 -1.976 0.057
0.02 2016 2017 0.425 0.448 7.8 1 —0.003 —0.035 0.498
0.02 2017 2018 0.417 0.448 8.494 1 —0.002 —0.038 0.496

While functional equivalence typically is a positive predictor of complementary diffusion, the association between functional cohesion and complementary
diffusion shifts from positive to mixed over time.

relationships can emerge without compatibility. Accordingly, it
shows how the principle of “relatedness” may be informative for
continued studies of ideological and cultural diffusion in the social
sciences. Just as compatible languages may help one another spread,

the diffusion of philosophies, policies, and preferences may be

shaped by their compatibility with other popular or “viral” ideas.
Accordingly, we hope the approach presented here can offer for

guidance for how conceptions of product space can be extended
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Table 4. The results of MR-QAP regressions predicting substitutive (competitive) diffusion of languages between users over the course of
two consecutive calendar years on the cohesion and equivalence of the languages in GitHub projects during the first year.

Cutoff Year t Year t+1 Constant Cohes. Coef. T-Stat Sim.<Obs. Equiv. Coef. T-Stat. Sim.<Obs.
0.005 2010 2011 0.104 -0.133 —4.499 0.003 0.053 1.418 0.831
0.005 2011 2012 0.07 -0.014 -0.59 0.362 0.031 1.008 0.767
0.005 2012 2013 0.031 -0.05 -3.37 0.015 —0.001 -0.027 0.473
0.005 2013 2014 0.015 -0.03 -2.633 0.061 -0.01 -0.426 0.397
0.005 2014 2015 0.009 —0.045 —4.025 0.007 -0.022 -0.878 0.319
0.005 2015 2016 —0.033 -0.037 -4.167 0.001 0.004 0.252 0.551
0.005 2016 2017 —0.146 —-0.068 —6.005 0 -0.015 -0.713 0.294
0.005 2017 2018 -0.111 -0.041 —4.402 0 -0.037 -1.832 0.087
0.01 2010 2011 0.088 -0.113 -3.774 0.004 0.062 1.591 0.854
0.01 2011 2012 0.055 -0.047 -1.857 0.132 0.041 1.277 0.788
0.01 2012 2013 —0.006 -0.076 -3.64 0.016 0.04 1471 0.816
0.01 2013 2014 -0.018 -0.081 —4.354 0.009 0.047 1.865 0.863
0.01 2014 2015 -0.024 —-0.088 —4.2 0.005 0.049 1.845 0.845
0.01 2015 2016 —0.036 -0.072 —5.548 0 0.035 1.732 0.874
0.01 2016 2017 -0.123 —-0.061 —-5.005 0 —-0.002 -0.075 0.452
0.01 2017 2018 -0.124 —-0.068 —4.834 0 0.025 1.139 0.838
0.02 2010 2011 0.085 -0.179 —3.945 0.005 0.081 1.62 0.915
0.02 2011 2012 0.101 -0.188 -3.992 0 0.06 1.253 0.862
0.02 2012 2013 —0.002 —-0.083 -3.198 0.022 0.035 1.092 0.75
0.02 2013 2014 —-0.015 -0.092 -4.217 0.005 0.063 2.193 0.919
0.02 2014 2015 —0.028 -0.09 -3.934 0.02 0.055 1.878 0.873
0.02 2015 2016 —-0.025 -0.094 -5.765 0 0.061 2.887 0.987
0.02 2016 2017 -0.119 -0.07 —4.486 0 0.045 2.113 0.97
0.02 2017 2018 -0.133 —-0.095 -5.87 0 0.016 0.838 0.724

The functional cohesion of languages negatively predicts substitutive diffusion, but functional equivalence tends to positively predict substitutive diffusion.

beyond the context of economic geography and incorporated into
more studies of contagion, diffusion, and social influence. The
methodological approach and findings presented can offer guid-
ance for examining how other related sets of diffusive phenom-
ena, be they products, practices, ideas, norms, beliefs, diseases,
or fads, co-diffuse with one another. For example, Do political
ideas that share philosophical compatibility spread with one an-
other? Do different types of exercise supplant or complement
one another in physical fitness routines? Do university courses
on similar topics share or compete for enrollment? Do novel lin-
guistic norms complement or challenge established modes of ex-
pression? We hope our approach can help inform future studies
of networked diffusions in the social sciences, network science, or-
ganizational behavior, marketing, communications, and science
and technology studies.

More broadly, the choices, approaches, and adjustments taken
here might provide guidance for future analyses of co-diffusion
and bipartite network analysis. Much has been done by mathema-
ticians, physicists, and computer scientists to find community
and structure within bipartite networks (63-66) or to detect bipar-
tivity in a network (67, 68), and social scientists have long been
interested in using bipartite data to detect larger insights and
patterns between people who share group things like group
membership (69, 70), event attendance (40, 71, 72), or even pur-
chase history (73). The approach presented here contributes to
the continued development of such applied network research
methods. For example, our approach offers a way for transform-
ing what are effectively large sets of bipartite “hyperedges,” which
connect a node of one type (a project) to several nodes of another
type (a language), to a bipartite projection which gives each hyper-
edge equal weight in the projection. With certain exceptions
(74, 75), work on bipartite hypergraphs is extremely limited.
Furthermore, the set of network data created provided a very
rare opportunity to estimate MR-QAP models (for other examples,
see Refs. (57, 58, 76)).

Conclusion

By conceptualizing diffusive phenomena in their own network
schema, as opposed to independently considering their journeys
through populations, we stand to gain a better understanding of
how ideas and products spread with and against one another. By
synthesizing the theory of relatedness and concept of product
space with a network diffusion perspective, we hope to have
shown how these two strands of research can enrich one another.
While networks of potential adopters are of obvious importance
when considering the spread of any given idea, norm, belief, or
technology, network analysis can also account for how diffusive
phenomena themselves are connected. Considering the contents
and compatibilities of different ideas can shed light on more
complex and multifaceted ecologies of technological change and
innovation. This may shed new light not only on our understand-
ing of not only technological diffusion but also polarization, dis-
ease, misinformation, and more complex social issues that can
be better understood when incorporating the theory of related-
ness and considering how larger sets of phenomena spread with
and against each other. Ideas, products, innovations, and beliefs
that are compatible with one another are likely to grow together.
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