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1 Introduction

The rapid technological development due to innovations in Information and Communication Technolo-
gies brings vast economic opportunities. At the same time, it might lead to major shifts in the labour
market due to technology-enabled offshoring or automatisation of jobs [1]. In particular, digital tech-
nologies such as ’Machine Learning’ are predicted to have a profound impact on the economy [2].
However, their constituent parts and relations to other technologies are often ill-defined [3]. It is impor-
tant for technology-specific investments and retraining programs to better understand their evolution
and relation to other digital technologies.

Here, we construct a network of technologies related to machine learning based on data from Stack
Overflow, the world’s largest question-and-answer website for programming questions.1 This network
reveals the changing centrality of machine learning topics, libraries, and related programming lan-
guages over time as the network links rewire when novel technologies are introduced. It thus allows
for understanding the development of the field as combinatorial technological evolution [4], shaped by
the replacement of older technologies by novel ones. The data can be used to test network models on
innovation and novelty [5, 6], and on creative destruction [7].

2 Data and Methods

Stack Overflow provides more than 18 million questions on thousands of different programming-related
topics.2 Most of these topics refer to technologies such as Python, MATLAB or to technology domains
such as Machine Learning.3 Each question is assigned one or more tags. Here, I focus on all questions
tagged with the label ’machine-learning’. A question is represented as a binary vector containing a one,
if tag A is present and zero otherwise. The total dataset contains N = 119,926 questions (rows) and
T = 2793 tags (columns) posted between 2008 and 2019.

On this dataset, we applied Association Rule Learning [8] to construct a network at yearly intervals.
The associaton rule concept lift is used, as it provides a balanced measure of proximity between two
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technologies (tags) in the Technology Space, similar to Hidalgo et al.’s [9] proximity measure of prod-
ucts in the product space. Formally, the lift between two technologies A and B is their joint ocurrence
probability divided by the technologies’ unconditional probabilities:

liftA,B =
P(EA ∩EB)

P(EA)P(EB)
,

where EA and EB are the events that questions refer to technology A and B, respectively. A lift > 1
implies that two technologies tend to occur together. Accordingly, this is the threshold for a link to be
established between two technologies (nodes) in the network.

In the resulting yearly networks, I calculate the normalised betweenness centrality4 of the individual
technologies as a measure of their importance.
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D Betweenness Centrality over Time

*

*Betweenness centrality of node i divided by average betweenness centrality of the network in year t

Fig. 1. (A-C) Networks of Stack Overflow tags related to ’Machine Learning’ (ML) in 2008 – 2010, 2014, and 2019. Node size corresponds to
betweenness centrality. The network became larger and denser over time as more ML-technologies are introduced. The centrality of four important
programming languages, which can be used for ML, changes over time.
(D) Normalised betweenness centrality of four general programming languages (left panel) and four topics related to machine learning (right
panel) from 2011 to 2019 (logarithmic scale). With the shifting focus from statistics to deep learning, Python’s importance increased together with
Python-based deep learning tools such as TensorFlow.

4The Betweenness centrality of the nodes is divided by the average betweenness centrality of all nodes in that
year to allow comparison between networks.



3 Results
Figure 1 shows the network of technologies (tags) related to ’Machine Learning’ in 2008 – 2010, 2014,
and 2019 based on the Stack Overflow data. Four important programming languages (Python, R, Java,
MATLAB), which can be used for machine learning applications, are highlighted by coloured circles.
The early network in 2008 – 2010 is comparatively small and sparse, and the four programming lan-
guages have comparable positions in terms of their centrality. Within one decade, the set of technologies
related to machine learning has changed considerably: Python has become the dominant programming
language, closely related to the shift towards deep learning as a main paradigm in machine learning.
Accordingly, Python benefited from the rise of Python-based deep-learning applications such as Ten-
sorFlow. The other languages have largely been displaced by Python within the domain of machine
learning, due to its ’fitness’ in generating productive ’offspring’ technologies.

Summary. The development of digital technologies such as Machine Learning can be described empiri-
cally as a co-evolving network based on online platform data. Revealing the changing network relations
is important to understand innovations in the digital sphere, as combinatorial possibilities between dig-
ital technologies are likely to be conditioned by their proximity in the Technology Space. The described
network dataset provides a unique perspective on the technology space as it evolves in real-time. This
perspective might help to better understand the geographical distribution of digital knowledge [10, 11],
work [12], and innovations [13] in the digital sphere.
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