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Introduction

Most research 1n the science of science literature
focuses on the citation patterns in published journal
articles or conference proceedings to study the
emergence and survival of new scientific ideas and
concepts. Are new concepts and their associations
accepted when published? When do new 1deas become
accepted facts and extend the body of scientific
knowledge? In this research, leveraging on NLP
methods, we trace the "career trajectories” of scientific
1deas and concepts and reveal their transition from
initial knowledge claims and loci of dispute to more
implicitly held and accepted knowledge.

We contend the process of usage and change of scientific ideas
and concepts 1s core to knowledge accumulation and enables
increased knowledge capacity and storage in science overall.
This is similar to the concept of ‘“attention allocation” in the
organizational sociology literature. The cognitive resources of an
organization are limited, and 1t has to convert routines into
implicit knowledge and allocate attention to contingencies.
Similarly, by actively converting consensus into 1mplicit
knowledge, science saves its cognitive bandwidth by focusing on
contentious new ideas/concepts in published papers.

We argue newly published ideas and concepts get used in ways
which reveal their transition from initial knowledge claims and
loc1 of dispute to more implicitly held and accepted facts (Figure
1). When new 1deas and concepts are first proposed, only a
small subset of those published get used in ensuing papers and
garner explicit attention and citation (phase 1). This recognition
may be from competing camps that lack consensus.

Implicit Mention Over time, the 1dea develops

- more stable associations and
loses salience in its citation
network, reflecting
increasing consensus. At
some point (phase 2), the
concept becomes a category
like “recurrent neural
network (RNN)” in the
machine learning literature.
After becoming a category,
it receives a diminished
citation count but increased
usage.

Explicit Citation
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Figure 1. Career Trajectory of Scientific Concepts and Ideas
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Concepts (c): We use the
keywords generated from
topic modeling by the
OpenAlex team as our unit of
analysis. Based on titles and
abstracts, up to five keywords
are assigned to each paper. We
study keywords whose first
appearance was between 1950
and 2014.
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Papers. 65 million publications
from the OpenAlex with
abstracts available and have
type “article”, “pre-print”,
“dissertation”, or “book’’; and

being cited at least once.

Seed Papers (P(c)): For each
keyword, we identify the first
ten papers that mention the
keyword as seed papers that
propose the concept.
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Data & Methods

Papers Mentioned the Concept:

-
We also track the number of
mentions each concept received in
each year by counting the number of
papers published in year ¢ that were
also associated with the concept.

Citation Count of the Concept:

>
We locate all subsequent papers

that cite the seed paper proposing
the concept using the reference
section of each paper. The number
of citations a concept received in
year ¢ 1s the sum of citation counts
of all its seed papers.
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Concepts’ Career
Trajectories: We have now
constructed two time series
capturing a concept’s career
trajectory since its first
appearance. We also include a
third time series measuring the
ratio (# mentions + 1) /
(#citations + 1).

Results
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Time Series Feature
Extraction: Different concepts
have trajectories of different
lengths, we first construct
fixed-length summary statistics
of these time series data for
each of these concepts (=900
features 1in total).

Mimir Knowledge Creation Lab at
Stanford University

Concept Clustering: We
perform a dimension
reduction and then cluster
concepts into three major
clusters based on their
trajectory pattern.

Figure 2 and 3 display the clustering results of scientific concepts and ideas based on

three metrics: the number of mentions, the number of citations, and the ratio of mentions

to citations over time. The results are divided into three clusters, each with distinct
average values, indicating different patterns of prominence and decline 1n scientific
influence over time. Figure 2 includes all detected scientific concepts and ideas on
OpenAlex whereas Figure 3 only includes scientific concepts and 1deas in Computer
Science and Math. We see similar patterns between two figures.

Cluster 0 (blue) likely represents scientific 1deas and concepts that lose credibility or
relevance overtime, characterized by high contentiousness at the beginning (high
citation) but flat mention/citation ratio overtime. Cluster 2 (light blue) likely represents
those influential scientific 1deas and concepts that keep have relevance 1n their fields.
Cluster 1 (brown) likely represents those highly influential scientific concepts and 1deas
that eventually become categories and subfields, such as RNN 1in computer science.
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Figure 2. Clustering Results for all scientific concepts and ideas on OpenAlex
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Figure 3. Clustering Results for scientific concepts and ideas in Computer Science and Mathematics on

OpenAlex
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