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Abstract
Understanding the dynamics of technology diffusion is critical for tracking innovation and its impact across
industries. This study leverages full-text patent data and advanced machine learning to develop a novel framework
for quantifying technology diffusion. Using the PatentsView dataset from the U.S. Patent and Trademark Office,
we analyze 6,913,074 utility patents’ full texts with a Doc2Vec model to map semantic relationships in a high-
dimensional knowledge space. We propose a dynamic measurement framework based on knowledge distances
and temporal evolution, validated through case studies of disruptive patents, including Google’s PageRank.
Our results reveal patterns of cross-disciplinary diffusion, with metrics like the 5-Year Average Diffusion Index
and Diffusion Trend Index offering robust tools for comparative analysis. This approach provides a scalable,
data-driven method to study technology diffusion’s complex dynamics.
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1. Introduction

Technological innovation drives economic growth, societal change, and industrial transformation [1, 2].
Yet, quantifying how technologies spread across domains—termed technology diffusion—remains a
challenge due to the complexity of knowledge flows [3, 4, 5]. Traditional metrics, such as patent
citation counts, capture only a fraction of diffusion dynamics, often missing semantic nuances and
cross-disciplinary impacts [6, 7]. Patent documents, rich in technical and contextual detail, offer a
unique lens to study diffusion, particularly when analyzed in full text rather than metadata alone [8, 9].

Recent advances in natural language processing (NLP) and machine learning enable deeper semantic
analysis of large-scale textual data [10, 11]. Models like Doc2Vec [12] can transform documents into
vector representations, capturing latent relationships in knowledge structures [13, 14, 15]. This study
harnesses such tools to analyze patent full-text data, aiming tomeasure technology diffusion dynamically
and comprehensively.

2. Patent Full-Text Data and Neural Network Embedding Model

Patents encapsulate technical knowledge, making them ideal for studying technology diffusion. We
use the USPTO’s PatentsView dataset, which includes metadata for 8,206,179 utility patents granted
from 1976 to 2024. Through web scraping, we collected full-text data for 6,913,074 patents granted
between 1976 and 2020, covering titles, abstracts, claims, and descriptions. The dataset also includes
disambiguated metadata, such as millions of inventors, billions of citations, and Cooperative Patent
Classification (CPC) codes, enabling multidimensional analysis. Full-text data reveal semantic and
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structural details beyond metadata, capturing technical content comprehensively. To ensure quality, we
preprocessed texts by removing non-semantic elements (e.g., boilerplate), stop words, and applying
stemming and tokenization. This enhances signal-to-noise ratios, making the data suitable for semantic
analysis.

To represent patent texts semantically, we employ the Doc2Vec model, an extension of Word2Vec that
maps documents to fixed-length vectors. Unlike traditional methods (e.g., TF-IDF), Doc2Vec captures
contextual relationships, ideal for long technical texts. We implemented Doc2Vec using Python’s Gensim
library, selecting the Distributed Bag of Words (DBOW) architecture for its efficiency and semantic
accuracy. DBOW predicts context words from document vectors, learning robust representations
without relying on word order.

Each patent is assigned a unique 300-dimensional vector, embedded in a knowledge space where
cosine distances measure semantic differences. We optimized parameters through experimentation:
vector dimension = 300, window size = 10, negative samples = 5, minimum word frequency = 5, and 50
training epochs. This setup balances computational efficiency and semantic quality, enabling precise
diffusion analysis.

3. Technology Diffusion Measurement Framework

3.1. Dynamic Knowledge Distance

To systematically investigate the dynamic evolution of technology diffusion, this study develops a
measurement framework based on dynamic knowledge distance evolution. First, we use the Doc2Vec
model to embed preprocessed patent full-text data, representing each patent as a 300-dimensional
vector. The collection of all patent vectors forms a high-dimensional knowledge space, enabling precise
quantification of semantic similarity and knowledge distances between patents.

We illustrate the measurement approach using the Google PageRank patent as a case study. Filed
by Larry Page and others in 1998, the PageRank algorithm calculates webpage importance based on
hyperlink structures, forming the foundation of modern search engine technology. As of 2025, it has
been cited 1,078 times. However, relying solely on citation counts fails to fully capture the dynamic
evolution and cross-disciplinary impact of technology diffusion. We propose a dynamic measurement
method integrating temporal dimensions and knowledge distances, outlined as follows:

1. Temporal Segmentation: The citing patents of the PageRank patent are divided into annual
subsets based on their grant years, forming a time series of citation sets. For year 𝑡, the set of
citing patents for a core patent 𝑖 is denoted as Citations(𝑖, 𝑡). This time-series analysis dynamically
tracks the evolution of knowledge flows.

2. Knowledge Distance Calculation: To quantify knowledge differences between patents, we use
cosine distance as the metric. For any two patents 𝑖 and 𝑗 with vector representations v𝑖 and v𝑗,
the cosine similarity is defined as:

Cosine Similarity(𝑖, 𝑗) =
v𝑖 ⋅ v𝑗

∥ v𝑖 ∥∥ v𝑗 ∥
, (1)

The corresponding knowledge distance is:

Distance(𝑖, 𝑗) = 1 − Cosine Similarity(𝑖, 𝑗), (2)

This distance ranges from 0 to 1, where smaller values indicate greater similarity in knowledge
content, and larger values indicate greater divergence.

3. Technology Diffusion Quantification: The diffusion strength of patent 𝑖 in year 𝑡 is defined as
the average knowledge distance between the core patent and all its citing patents in that year:

Diffusion(𝑖, 𝑡) = 1
|Citations(𝑖, 𝑡)|

∑
𝑗∈Citations(𝑖,𝑡)

Distance(𝑖, 𝑗), (3)



Figure 1: Technology Diffusion Measurement Framework.

Here, |Citations(𝑖, 𝑡)| denotes the number of citing patents in year 𝑡. By computing Diffusion(𝑖, 𝑡)
for each year, we obtain the dynamic trend of technology diffusion.

Applying this framework to the PageRank patent reveals key insights. As shown in Figure 1, the
annual citation count rises initially, peaks around 2008, and then declines, indicating rapid early
influence followed by a gradual decrease. However, the annual average technology diffusion exhibits
a sustained upward trend, suggesting that the PageRank patent’s knowledge increasingly permeates
diverse technical domains over time, reflecting enhanced cross-disciplinary impact.

To further explore the spatial distribution of diffusion, we employ Kernel Density Estimation (KDE) to
generate dynamic density plots of technology diffusion (Figure 1). In these plots, the x-axis represents
time, the y-axis represents knowledge distance, and high-density regions in the upper-right indicate
greater knowledge distances in later years. This pattern underscores the patent’s long-term diffusion
across broader domains. To integrate citation counts and diffusion, we construct a three-dimensional
co-density plot , with time on the x-axis, knowledge distance on the y-axis, and citation counts on the
z-axis. The results show an early citation peak followed by a sustained rise in diffusion, consistent with
the Sleeping Beauty phenomenon of disruptive technologies [16], where initial influence is latent but
manifests broadly over time.

To validate the framework’s robustness and generalizability, we applied it to a set of disruptive
technology patents identified by Kelly et al. [17], selecting those with over 500 citations. For each patent,
we calculated annual diffusion strength and density, constructing three-dimensional co-distribution
plots. As shown in Figure 2, all disruptive patents exhibit significant growth in diffusion strength
over time, indicating expanding influence across diverse knowledge domains. Citation peaks typically
occur years after grant, with diffusion peaks lagging behind, consistent with the Sleeping Beauty
pattern. High-density diffusion regions cluster in later time periods and higher knowledge distances,
reflecting long-term cross-disciplinary impact. The citation-diffusion co-distribution further highlights
early citation peaks followed by sustained diffusion growth, underscoring the complex dynamics of
knowledge flow in disruptive technologies.



Figure 2: Technology Diffusion of Disruptive Patents.

3.2. Higher-Order Diffusion Metrics

Dynamic diffusion strength varies by patent age and domain, complicating comparisons. We introduce
two standardized metrics over a 5-year window, reflecting typical diffusion cycles:

1. 5-Year Average Diffusion Index:

Diffusion5(𝑖, 𝑡) =
1
5

4
∑
𝑘=0

Diffusion(𝑖, 𝑡 + 𝑘), (4)

High values indicate broad, cross-disciplinary impact. For PageRank, this index highlights rapid
early diffusion across fields like machine learning.

2. 5-Year Diffusion Trend Index:

Diffusion trend5(𝑖, 𝑡) =
∑4

𝑘=0 (Diffusion(𝑖, 𝑡 + 𝑘) − 𝐷̄) (𝑘 − ̄𝑇 )

√∑
4
𝑘=0 (Diffusion(𝑖, 𝑡 + 𝑘) − 𝐷̄)2√∑

4
𝑘=0 (𝑘 − ̄𝑇 )2

, (5)

Positive trends signal growing diffusion; negative trends suggest decline. These metrics enable
robust cross-patent comparisons, accounting for temporal and domain variations.

4. Conclusion

This study presents a novel framework for measuring technology diffusion using patent full-text data and
machine learning. By embedding patents in a semantic knowledge space, we quantify diffusion through
knowledge distances and temporal trends, validated with disruptive technologies. These tools offer
researchers and policymakers a data-driven approach to track innovation’s spread, informing strategies
for technology development and adoption. As NLP and patent databases evolve, this framework can
adapt to new data sources, deepening our understanding of technological progress.
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