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ABSTRACT Artificial Intelligence (AI) is a transformative force driving innovation, yet tracking AI-related
advancements remains challenging due to the rapid pace of development and unstructured data from
platforms like GitHub. This paper proposes an AI-driven approach to innovation detection, leveraging
GitHub as a data source to systematically identify and link AI projects to organizations. Key contributions
include a domain-specific taxonomy comprising 7,490 AI topics, a modular pipeline for semantic annotation
and entity linking, and a trend detection framework based on Singular Spectrum Analysis (SSA).
A knowledge graph is constructed to represent relationships among AI topics, projects, and companies,
thereby enabling structured innovation tracking. The approach addresses challenges such as data sparsity
and noise, demonstrating strengths in semantic annotation and topic categorization. Results highlight the
potential for accurately detectingAI innovations and linking them to organizational entities, offering valuable
insights for researchers, companies, and policymakers. This work contributes a scalable, automated approach
for AI innovation tracking, with future directions focusing on refining entity linking and expanding the
knowledge graph to capture emerging trends.

INDEX TERMS Artificial intelligence, data mining, text mining, time series analysis.

I. INTRODUCTION
Recent developments underscore the unprecedented pace
and breadth of advancements in Artificial Intelligence (AI).
According to the 2025 Stanford AI Index Report [1],
AI systems are achieving remarkable gains on complex
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benchmarks. These capabilities are no longer confined to
research labs - AI is increasingly embedded in every-
day life, from FDA-approved medical devices to com-
mercial autonomous vehicle fleets. Artificial Intelligence
continues to reshape industries by accelerating innovation
and redefining the technological landscape [2]. In this
rapidly evolving context, the ability to monitor and ana-
lyze AI-related innovations over time is essential for
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understanding technological progress, anticipating trends,
and supporting strategic decision-making. However, the
speed of AI development and the sheer volume of
publicly available data, particularly on platforms like
GitHub, present major challenges in detecting and attribut-
ing innovations in a systematic way [3]. This paper
addresses these challenges by proposing an AI based
method for identifying emerging innovations, using GitHub
as a rich and dynamic source of real-world technological
activity.

To address these challenges, this research proposes a robust
approach for identifying and linking AI-related innovations
to their originating organizations, with GitHub repositories
as the primary data source.

A comprehensive knowledge graph is constructed [4],
[5] to map relationships between AI topics, projects, and
companies, enabling structured and scalable innovation
tracking.

This work builds on prior research in AI innovation
tracking, text mining, and knowledge graph construction,
while addressing key limitations such as data sparsity, noise,
and the lack of structured metadata in open-source platforms.

This paper advances the state of the art in AI innovation
tracking through three key contributions that uniquely
leverage software repositories as primary signals. First,
a comprehensive taxonomy of 7,490 AI topics is constructed
to support the semantic annotation of software artifacts.
Unlike prior taxonomies focused on academic literature,
this taxonomy is specifically engineered for high-resolution
annotation of real-world AI development signals within
GitHub repositories. Second, an integrated pipeline is
developed to perform large-scale data acquisition, seman-
tic enrichment, entity disambiguation, and trend analysis.
In contrast to existing methods centered on academic graphs
and idea generation, the proposed system links AI concepts
and institutions directly to source code and developer
metadata, enabling detection of practical, implementation-
level innovations as they emerge. Third, a multi-scale
evaluation of topic annotation, company linking and temporal
trends is conducted, uncovering both short- and long-term
AI innovation dynamics grounded in open-source code.
By focusing on software repositories, the approach captures
fine-grained innovation signals earlier in the development
lifecycle than traditional bibliometric techniques. Positioned
at the intersection of AI innovation and open-source develop-
ment, this work introduces a novel perspective that enhances
innovation monitoring for researchers, policymakers, and
industry stakeholders navigating the rapidly evolving AI
landscape.

The rest of the paper is structured as follows: Section II
provides an overview of the background and related work,
including existing methods for AI innovation tracking and
the role of knowledge graphs in representing AI trends.
Section III details the methodology for building the inno-
vation detection pipeline, including data collection, topic
extraction, and company identification.

Section IV presents the evaluation and results, focusing on
the accuracy and performance of the proposed approach.

Section V presents the practical aspects of pipeline
implementation in TAO framework [6]. Finally, Section VI
concludes with a summary of findings, key insights, and
future directions for AI innovation tracking.

II. BACKGROUND AND RELATED WORK
This section provides an overview of existing approaches and
tools relevant to tracking innovation in artificial intelligence
(AI).

The discussion begins with traditional methods for moni-
toring technological progress, such as bibliometric analysis,
emphasizing their limitations in the context of fast-evolving
AI ecosystems. Subsequently, the emergence of knowledge
graphs is examined as a powerful means for representing,
organizing, and reasoning about AI trends. The analysis then
turns to topic extraction and entity linking, as well as the use
of open-source software repositories as alternative indicators
of innovation, concluding with a comparison to related work.

A. AI INNOVATION TRACKING
Tracking innovation is a complex process that requires
integrating quantitative data with qualitative insight to
obtain a comprehensive picture of emerging technologies.
To date, most innovation tracking methods have focused
on analyzing academic literature and intellectual property
records. One common approach is bibliometric analysis,
which explores academic publications through citation net-
works, co-authorship patterns, and keyword frequency to
identify emerging research areas and technological shifts [7].
A related method is patent analysis, which evaluates patent
filings and classification codes [8], and may reveal trends
ahead of formal academic publications. Complementary
approaches use text mining and natural language processing
tools on news sources and web data to gauge sentiment
and track topic prevalence, offering early hints of new areas
of focus [9]. Delphi studies and expert surveys are often
used to complement and validate quantitative findings [10].
While these methods have demonstrated long-standing value,
they may be less effective in capturing the fast-paced and
decentralized nature of certain AI developments. A consid-
erable portion of innovation now occurs outside traditional
publication and patent systems — for example, in open-
source projects hosted on platforms like GitHub. These
informal environments often provide early signals of practical
advances and technology adoption trends that are not
immediately reflected in academic literature or intellectual
property records.

Moreover, AI progress is frequently algorithmic or data-
driven — involving iterative improvements, novel training
strategies, or unique datasets — which are not always
easily patented or captured by conventional innovation
metrics. In response to these limitations, AI-specific tracking
methods have become increasingly common. These include
monitoring model performance on standardized benchmarks
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such as ImageNet [11] or GLUE [12], which offer measurable
indicators of progress within specific subfields [13]. Another
emerging approach, and the focus of this paper, involves the
use of knowledge graphs to structure information about AI
concepts, tasks, and entities, enabling a more dynamic view
of the evolving AI landscape [14].

B. KNOWLEDGE GRAPH FOR AI TRENDS
Knowledge graphs offer a structured and semantically rich
framework for representing and analyzing AI innovation.
They model entities such as technologies, researchers,
and organizations, along with their relationships, using
knowledge triples that encode factual information in a
machine-readable format. In addition to supporting data inter-
operability and dynamic context representation [15], they
enable reasoning, discovery of hidden connections, and the
integration of symbolic and data-driven AI approaches [16],
[17], [18].

Table 1 summarizes prominent knowledge graphs that
support the study of AI innovation across domains ranging
from lexical resources to benchmark tracking and scientific
knowledge management.

Using knowledge graphs in association with Large Lan-
guage Models (LLMs) has attracted increased interest, due
to its potential to enhance the results of LLMs [29]. These
have been proven to support the generation of new ideas
and innovation, but still face limitations such as failing to
consider semanting embeddings in citations, analysing links
between citations in a linear way and still requiring human
evaluation [30].

To address the current challenges and limitations of
knowledge graphs in identifying innovation potential and
generating new ideas within the AI field, Gao et al. [30]
have proposed the Graph of AI Ideas (GoAI), used in a GoAI
agent, which analyses trends and generates new ideas. It uses
a two-steps method for the identification of new ideas: graph
exploration (relations between papers and citation semantics)
and idea generation, using paths defined in the first step and
assessing trends. The authors have also introduced GoAI-
CoT-Reviewer, an evaluation model designed to assess and
refine automatically generated ideas, which uses a reasoning
process similar to human reviewers [30].
The approach proposed byMassri et al. [14] was developed

to maintain a knowledge graph for AI innovation, using a
wide dataset spanning from industry research to social media
and technical forums and integrating various phases of the AI
innovation lifecycle.

C. AI TOPIC AND COMPANY IDENTIFICATION
GitHub repositories and user profiles are rich with content
related to new technologies and innovations. Having a map of
these advancements can be very beneficial, e.g., for sponsors.
However, human-made content is often filled with noise
and lacks structure. This paper aims to enhance methods to
link GitHub repositories to the AI topics and organizations

their users are a part of. An automated method enables
linking users to entities in the Wikidata Knowledge Graph
and creating a comprehensive map.

Several subtasks were defined for this study, including the
development of a test set for evaluating topic extraction and
the creation of a separate test set for assessing entity linking.
Particular emphasis was placed on annotation precision,
enabling a comparative evaluation of the performance of each
component.

The topic extraction test set was used to assess the
following tool: I) Wikifier [31], semantic annotation service
for 100 Languages. The entity linking test set was used
to assess the following approaches: I) Alligator [32], [33],
an ML-based algorithm that uses two neural networks to
score candidate relevance; II) TableLlama [34], a 7B Llama-2
LLM fine-tuned on table-related data; and III) GPT-4o-mini,
OpenAI’s cost-efficient LLM that balances performance and
cost [35].

D. COMPARISON TO RELATED WORK
Recent efforts, such as GoAI [30] andMassri et al. [14], have
applied knowledge graphs to track progress in AI research
and support idea generation by analyzing academic literature,
citation networks, and publication metadata.

In contrast to literature-centric approaches, this work
offers a novel perspective by leveraging open-source software
repositories as a signal for detecting emergingAI innovations.
Whereas prior methods rely on data sources that undergo
formal peer review or legal validation, such as scientific
publications or patents, GitHub repositories, particularly
their code and documentation, capture innovations at the
implementation stage, often well before they are formally
published or patented.

While semantic enrichment and structured knowledge
representation are similarly employed, the proposed method-
ology applies these techniques to software artifacts by
linking GitHub repositories with AI topics and organizational
entities. This application introduces distinct challenges - such
as data noise, entity disambiguation, and concept mapping -
that are less pronounced in traditional analyses of scientific
literature.

General-purpose knowledge graphs such as DBpedia and
ConceptNet offer broad semantic coverage across many
domains [16], but their generality limits their usefulness for
detecting domain-specific innovation signals.

In contrast, the proposed approach is explicitly tailored
to capture the dynamics of AI innovation across the
development lifecycle, from code to deployment.

This focus enables a more targeted and actionable view
of technological progress, bridging a gap between software
practice and innovation tracking that remains largely unex-
plored.

Mining GitHub data for research purposes presents
both opportunities and limitations. As highlighted by
Kalliamvakou et al. [3], GitHub repositories often contain
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TABLE 1. Knowledge graphs with impact on AI innovation.

noisy, incomplete, or unrepresentative metadata, and repos-
itory popularity does not always correlate with quality or
innovation. These challenges underscore the need for robust
preprocessing and semantic enrichment.

III. METHODOLOGY: BUILDING THE INNOVATION
KNOWLEDGE DETECTION PIPELINE
Figure 1 illustrates the end-to-end architecture of the AI
innovation detection pipeline. The process begins with the
development of an AI innovation taxonomy that provides a
structured vocabulary for categorizing emerging AI-related
topics. This is followed by a data collection and processing
phase, where metadata, textual content, and source code are
extracted from GitHub repositories.

For the purposes of this study, the term metadata refers
broadly to all textual fields associated with a repository and
its owner, including the repository description,README file,
and user profile information such as biography, company
affiliation, and website. Two key enrichment steps are
applied: semantic annotation using theWikifier tool [31], and
organization linking via the Alligator framework [32], [33].
The enriched data are then aligned with external knowledge
bases such as Wikidata, Crunchbase, and a purpose-built
AI innovation taxonomy, providing contextual grounding
for entities and concepts. This integrated representation
enables the derivation of structured signals frommultiple data
modalities.

Finally, the pipeline performs signal transformation, time
series construction, and trend detection to reveal tem-
poral patterns in AI innovation. The output consists of

time-resolved indicators that support the identification and
analysis of trends in the AI domain.

A. AI INNOVATION TAXONOMY
The AI innovation topic taxonomy1 [36], used in this
research, is a hierarchically structured controlled vocabulary
with linked data, designed to support semantic annotation
and topic extraction across diverse AI-related resources.
It comprises 7,490 distinct concepts, systematically orga-
nized to reflect the breadth of the Artificial Intelligence
domain.

Each concept is enriched with metadata including unique
identifiers, preferred and alternate labels, broader cate-
gories, and descriptive definitions. This structure enables
precise semantic tagging, effective filtering, and consistent
categorization of AI topics.

A selection of example concepts is shown in Table 2,
illustrating the diversity and granularity of the taxonomy.
The taxonomy construction was based on a refinement of the
methodology introduced in [37].

1) LEVERAGING WIKIPEDIA AS THE CORE SOURCE
Wikipedia has been selected as the primary source for
developing the AI taxonomy, owing to its comprehensive
coverage of important AI-related topics, encompassing
historical, contemporary, and emerging concepts. Articles on
Wikipedia are frequently updated and curated by a broad
community, ensuring relevance and accuracy.

1https://zenodo.org/records/15113095
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FIGURE 1. Pipeline architecture.

2) UTILIZING WIKIPEDIA CATEGORIES TO FORM A
HIERARCHY
Wikipedia categories provide a structured way to classify
and organize articles. They are a collaboratively developed
hierarchy that can be used for navigation of AI-related topics.

These categories are utilized to identify and structure
relevant AI concepts. The structure of Wikipedia categories
forms a complex graph rather than a simple tree, as categories
may have multiple parent paths and contain cycles. More
importantly, there is significant semantic drift as the distance
from the roots increases, leading to a huge hierarchy and loss
of relevance.

3) CATEGORY-BASED ARTICLE DISCOVERY
Wikipedia’s category system is employed to efficiently
discover relevant articles.

TABLE 2. Sample topics from the AI taxonomy. Other metadata fields
(e.g., descriptions, aliases, types, broader) are also included in the full
taxonomy.

The category tree for Artificial Intelligence serves as a
starting point, displaying the first-level categories along with
subcategories and the number of articles within each.

4) CATEGORY PRUNING AND REFINEMENT
A systematic approach is adopted to prune and refine
categories, ensuring the development of a well-structured
taxonomy:

• Selecting Root Categories:
The process begins with a set of root categories,
including Artificial Intelligence, Machine Learning,
Data Science, and several other closely related domains.

• Building a Minimal Spanning Tree: A minimal
spanning tree is constructed by computing the shortest
paths from the root categories to all reachable categories
in the taxonomy.

• Interactive Pruning: An interactive tool is used to
iteratively remove irrelevant branches, while monitoring
the number of retained categories and articles to
maintain a focused taxonomy.

• Final Concept Selection: Articles from the refined
set of categories are collected and added to the tree
structure.

• Replacing Categories with Main Articles: If a cate-
gory has a designated ‘‘Main article,’’ it is replaced with
that article to improve clarity and organization.

5) INTERACTIVE TOOL FOR TAXONOMY CURATION
To facilitate the pruning and structuring process, an inter-
active tool has been developed to visually represent the AI
category hierarchy (Figure 2). The tool supports the following
functionalities:

• Navigating through the AI category tree
• Expanding and collapsing branches to evaluate subcate-
gories

• Viewing all categories at a selected depth level
• Cutting irrelevant categories in real-time
• Restoring branches that were mistakenly removed
• Monitoring the live distribution of categories and articles
during pruning

The bottom graph in Figure 2 displays the total number
of categories (blue line) and their distribution by depth
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FIGURE 2. Interactive tool for AI taxonomy curation.

LISTING. 1. Semantic drift example from the Wikipedia category hierarchy. The bolded
category marked with † indicates the cut point.

(distance from the root categories). After 16 levels, nearly
all 1.5 million Wikipedia categories are reachable. The
green line shows the reduction resulting from pruning: after
359 cuts -primarily concentrated at levels 4, 5, and 6 -
only 667 categories remain, representing just 0.044% of the
original set. The maximum remaining depth is 9 levels, and
the 58 surviving categories at this depth were all verified to
be relevant, showing no signs of semantic drift.

The top graph shows the corresponding distribution of
Wikipedia articles. After 16 levels, all 29.2million articles are
reachable. Following pruning, only 15,000 articles remain,
corresponding to 0.051% of the initial number.

An example of semantic drift is provided in Listing 1,
where a category was cut, along with all its descendants that
lacked alternative paths to the root nodes.

6) MITIGATING SEMANTIC ANNOTATION CHALLENGES
WITH AI INNOVATION TAXONOMY
General-purpose ontologies often lack the domain-specific
granularity needed for nuanced AI topic classification. More-
over, they frequently include broad or ambiguous concepts

that introduce noise into annotation tasks, thereby reducing
interpretability and accuracy for AI-specific applications.

For instance, consider the following text excerpt from a
GitHub repository:

In this python project, I am trying to build a
Classification Machine Learning model to predict
banknotes are genuine or forged. In real world
this could mainly be any of the followings. Fraud
detection; Counterfeit detection; Quality control;
Authentication of banknotes. There are several
valuable Business Impacts and Potential Benefits
which we can define here. 1. Reducing financial
losses; 2. Improve customer trust; 3. Enhancing
operational efficiency; 4. Meeting any regulatory
requirements. For this project stakeholders possi-
bly be: Any banking system; Financial institutions;
Law enforcement agencies; Any regulatory bodies.
This project is based on Bank Notes Authentication
UCI dataset. I’m using the Kaggle’s version of
it. I will be using: Machine Learning Algorithms
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for classification of banknotes; Various Python
libraries to visualize different insights. Descriptive
statistics will be used to derive valuable insights
from the data. Following Machine Learning algo-
rithms will be evaluated and the best performing
model will be selected: 1. Logistic Regression;
2. Random Forest; 3. KNN Classifier; 4. Support
Vector Machine Classifier. I have used pyforest
library bundle for this project.

The text above can be annotated with a number of
Wikipedia concepts, including Kaggle, Machine learning,
Python (programming language), Banknote, Support vector
machine, Quality control, Computer, Business, Bank, Law,
Counterfeit, etc.

While these are valid entities, several of them are not
specific to the AI domain and thus dilute the semantic signal
when tracking innovation. The AI Innovation Taxonomy
facilitates focused analysis within the AI domain and
reduces erroneous annotations caused by ambiguous con-
cepts. Furthermore, the taxonomy allows disambiguation of
context-sensitive terms such as Transformer, where domain
knowledge is essential for accurate entity selection. For
example, Transformer (electrical device) and Transformer
(deep learning architecture) are distinct concepts with
different Wikipedia and Wikidata entries.

Moreover, the taxonomy structures concepts hierarchi-
cally, enabling users and systems to distinguish between
foundational techniques and application domains, and
thereby supporting clearer innovation profiling.

7) OTHER RELEVANT CLASSIFICATIONS
In addition to Wikipedia, the following taxonomies were also
researched, described, and extracted:

ACM Computing Classification System (CCS) [38],
Academia Industry Dynamics’ Focus Area Taxonomy (AIDA
FAT) [39], ArnetMiner KGs [40], ANZSRC Fields Of
Research (FOR) [41], arXiv Areas [42], Chinese NSFC [43],
Computer Science Ontology (CSO) [44], Economics JEL
[45], EU CORDIS EuroSciVoc [46], Medical Subject Head-
ings (MSC) [47], Mathematical Subject Classification [48],
Ontology of Data Science (OntoDM) Classes [49], OpenAlex
Topics [50], SciGraph Subjects [51], SemanticScholar Fields
Of Science (FOS) [52], StackExchange Tags [53].
The following elements are particularly important for the

construction of the taxonomy:

• The Collaborative Patent Classification (CPC) [54]: this
is the best way to seed an AI Application Areas taxon-
omy, since it is strongly oriented towards commercial
applications;

• Papers With Code and Linked Papers With Code [55]
offer a differentiated classification of AI research
(e.g., challenges, tasks, methods, datasets), enabling
the identification of a high concentration of machine
learning papers, many of which include associated
source code;

• Crunchbase Categories [56] enable the identification
and classification of AI-focused companies and startups.

B. DATA COLLECTION AND INTEGRATION
Metadata and source code were collected from AI-related
GitHub repositories through targeted crawling. The resulting
data were cleaned, normalized, and structured into a standard-
ized schema with well-defined fields, including id, name,
visibility, bio, website, company, location,
created, and description.
The final dataset comprises 561,932 repositories and their

associated user profiles. Each entry includes a unique identi-
fier, repository metadata (e.g., name, description,README),
and user-level attributes such as biography, website, and
company affiliation. Among these, the bio, company,
and website fields are particularly relevant for linking
repositories to organizations.

However, these user-specific fields exhibit significant
sparsity: bio is missing in 24% of entries, while both
website and company are missing in over 50%. This is
likely due to the optional nature of profile completion on
GitHub. Despite these limitations, the company and bio
fields provide the most consistent signals for organizational
linkage, even though the majority of users in the dataset
appear to be individuals rather than institutions. Analyzing
the word count distribution in the bio and company fields
reveals notable patterns. The company values are highly
skewed, with over 90% of entries containing fewer than
five words. Longer entries often contain irrelevant content,
verbose explanations, or multiple affiliations, which intro-
duce noise and ambiguity. In contrast, the bio field tends
to include more descriptive content about the individual,
occasionally offering indirect clues about organizational
affiliations.

To explore the semantic content of these fields, word cloud
visualizations were generated based on term frequency. The
bio word cloud, shown in Figure 3, prominently features
terms such as ‘‘data science’’ and ‘‘machine learning’’,
indicating a strong concentration of users with technical
backgrounds, particularly in the AI domain.

The word cloud for the company field, shown in
Figure 4, reveals two dominant themes. First, a substantial
number of entries reference academic institutions, including
specific mentions of universities, indicating that a significant
portion of users are affiliated with higher education. Second,
the presence of large technology companies reflects the
expected overlap with the AI research and development
ecosystem.

Among the most frequent entities in the company field
are ‘‘Microsoft’’, ‘‘Amazon’’, ‘‘Google’’, ‘‘Student’’, and
‘‘Carnegie Mellon University’’. This further reinforces the
dual presence of academic and industry affiliations, while
also highlighting the prevalence of student contributors.
Although some entries are ambiguous or unstructured, these
dominant terms provide useful cues for downstream linking
and classification tasks.
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1) TOPIC ANNOTATION AND EXTRACTION
A critical component of the pipeline involves the extraction
and categorization of AI-related topics from GitHub reposi-
tories.

This process enables the identification of thematic signals
and facilitates meaningful trend analysis. The methodology
consists of three main stages, designed to ensure both
scalability and domain specificity:

• AI-Specific Semantic Annotation: In the first phase,
textual metadata associated with GitHub repositories -
including repository descriptions, README files, and
user biographies - are processed using the Wikifier
tool [31]. Wikifier performs entity linking by map-
ping free - form text to structured knowledge bases
such as Wikipedia and DBpedia. It is optimized
for large-scale semantic annotation of textual con-
tent, making it suitable for processing rich metadata
at scale. Terms or phrases that can be linked are
mapped to corresponding entities, enabling a struc-
tured semantic representation of otherwise unstructured
content.
A PageRank-based annotation threshold of 0.01 has
been applied to ensure robustness.

• Alignment with AI Taxonomy:
To focus the annotation results on AI-specific content,
a domain-constrained filtering mechanism is applied.
All Wikifier annotations are matched against a curated
taxonomy of AI topics, as described above.
The alignment ensures that only entities directly related
to AI are retained, significantly improving the thematic
precision of the annotations.

• Topic Extraction and Structuring: Following annota-
tion and filtering, the retained AI-specific entities are
used to assign each repository a set of topic labels.
These labels represent the presence and frequency of
AI concepts mentioned in the metadata. This struc-
tured topic information is then aggregated to generate
higher-level semantic signals, which are later used for
trend detection and innovation profiling. Importantly,
this process supports temporal analysis by allowing
researchers to trace the emergence, evolution, and
co-occurrence of AI themes over time.

The examples in Appendix A-A illustrate semantic anno-
tations applied to GitHub README texts. Each example
consists of a README excerpt along with the corresponding
Wikifier-generated annotations, which were further filtered
using the AI Innovation Taxonomy to retain only AI-related
concepts.

Moreover, the software requirements from GitHub reposi-
tories are used as an additional source for temporal analysis
(see Appendix A-B).

Overall, the annotation and extraction pipeline enables
high fidelity mapping of unstructured software metadata
to a semantically rich and domain-specific representation.
This not only enhances explainability and interpretability

TABLE 3. Data distribution of the Entity-Linking GitHub test set.

of downstream models but also facilitates robust knowledge
discovery in the context of AI innovation.

2) AI COMPANY IDENTIFICATION
A test set was constructed from the GitHub dataset by
first removing rows with missing Company values, yielding
221,617 rows with 56,429 unique companies. The Company
field was cleaned using regex to remove emails, convert
text to lowercase, eliminate special characters and extra
spaces, and trim whitespace. To avoid duplicates, the data
were grouped by cleaned company names, selecting the
first entry from each group. Each row was manually
annotated - using the Company field as the primary source
and the Bio field for context—by assigning a Wikidata
QID or marking it as NIL when no match was found.
Figures 3 and 4 illustrate the word clouds generated for
the Bio and Company sections, respectively. The manual
annotation process involved searching Wikidata, verifying
details via GitHub and LinkedIn profiles, cross-checking
with companywebsites, consulting Crunchbase, andmapping
GitHub contributors to companies.

A total of 916 unique companies were manually annotated,
resulting in a balanced distribution between Not In Lexicon
(NIL) entities - those not present in the underlying Knowl-
edge Base (KB) - and non-NIL entities.

Table 3 presents the dataset’s distribution. Section A-C
contains examples from the dataset with specific challenges
for company identification, such as multiple relevant orga-
nizations, granularity issues, entities with similar names,
entities with multiple QIDs, irrelevant values in company
column.

C. TEMPORAL ANALYSIS OF AI INNOVATIONS
1) CONCEPT TREND DETECTION
To analyze long-term patterns in the evolution of AI-related
research and development, trend detection has been con-
ducted at the concept level using metadata from GitHub
repositories.
README files were annotated with semantic labels derived

from the AI Innovation Taxonomy described in Section III-A.
Each annotation was timestamped based on the correspond-
ing repository’s creation date and used to generate monthly
occurrence counts for each taxonomy concept. These counts
were aggregated into time series.

To improve statistical robustness and reduce noise, only
concepts that occurred at least 100 times across the corpus
have been retained, resulting in 558 concept-specific time
series spanning the past 10 years.
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FIGURE 3. Word cloud for the bio field.

2) REQUIREMENTS TREND DETECTION
In parallel, temporal trends in software requirements have
been analyzed based on information extracted from source
code files (e.g., requirements.txt, setup.py) within
the same repositories.

These files were parsed to identify software packages,
frameworks, and libraries commonly used inAI development.
As with the concept analysis, temporal frequencies were
aggregated into monthly time series. Singular Spectrum
Analysis (SSA) [57] has been applied to these time series to
reveal adoption patterns of tools and technologies, providing
insights into practical implementation trends and emerging
toolchains within the AI community.

3) SINGULAR SPECTRUM ANALYSIS (SSA)
The concept and requirements time series have been con-
structed for the period from 2013 until 2024. This period
was chosen to ensure a sufficiently long historical window to
capture the evolution of AI-related innovation, while aligning
with the growth trajectory of GitHub as a major platform
for open-source development. Starting in 2013 enables the
observation of early signals associated with the modern AI
boom, including the emergence of deep learning topics.

FIGURE 4. Word cloud for the Company field.

To extract underlying trends and reduce noise, Singular
Spectrum Analysis (SSA) has been employed - a non-
parametric, model-free technique for decomposing time
series into interpretable components such as trend, period-
icity, and noise [57]. SSA is particularly well-suited for
irregular or noisy data, as it requires no prior assumptions
about the data structure. The analysis was performed using
sliding windows of 3, 6, and 12 months to capture various
temporal resolutions. By decomposing and reconstructing the

smoothed series, the dynamics of AI-related concepts were
highlighted, enabling the identification of both emergent and
declining innovation themes within the domain.

For each concept and window size, the following metrics
have been computed:

• SSA Score: A measure reflecting the importance of a
concept’s trend component.

• TopTrendingConcepts: Concepts ranked in the top 5%
based on SSA scores were flagged as trending.

4) TREND DETECTION LIMITATIONS
Singular Spectrum Analysis (SSA) for trend detection has
been chosen as it enables decomposition without assuming
a specific model structure, which is particularly well-suited
for exploratory analysis over noisy and irregular time series
commonly encountered in open-source metadata. Unlike
classical statistical models such as ARIMA [58], which
require predefined order parameters, or Prophet [59], which
assumes seasonality and trend decomposition with strong
priors, SSA allows flexible decomposition without assuming
any particular structure. This makes it a compelling choice for
detecting latent innovation dynamics where domain knowl-
edge is limited or trends may exhibit irregular evolution.

IV. EVALUATION AND RESULTS
A. AI TOPIC EXTRACTION EVALUATION
To evaluate the quality of topic annotations generated via
the Wikifier tool, an experiment has been conducted using a
manually curated gold standard dataset comprising README
texts from 203 GitHub repositories. This dataset includes
repositories annotated with relevant AI topics, serving
as a reference for assessing the precision of automated
annotations. The experimental setup involved computing
precision scores at various cut-off ranks: Top 1, Top 3, and
Top 10. Two scenarios have been compared: (i) utilizing
all annotations regardless of confidence scores, and (ii)
filtering annotations based on a PageRank threshold of 0.01,
corresponding to higher-confidence semantic entities.

Precision Top 1 =
1
N

N∑
i=1

∣∣Relevanti ∩ Top1i
∣∣

1
, (1)

Precision Top 3 =
1
N

N∑
i=1

∣∣Relevanti ∩ Top3i
∣∣

3
, (2)

Precision Top 10 =
1
N

N∑
i=1

∣∣Relevanti ∩ Top10i
∣∣

10
. (3)

The gold standard has been constructed by randomly
selecting and annotating 203 repositories from the GitHub
dataset, with contributions from two expert annotators. The
process involved several consecutive steps:

1) Wikifier Annotation: Each repository’s README text
has been annotated using the Wikifier tool to extract
semantic concepts.
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TABLE 4. Precision metrics at different levels for all annotations and
filtered annotations based on PageRank threshold.

2) AI Taxonomy Filtering: The AI Innovation Taxon-
omy has been applied to the Wikifier annotations to
retain only AI-relevant topics. This resulted in a set of
suggested AI topics for each repository.

3) PageRank Sorting: The annotated terms have been
sorted by PageRank value. This step is essential
for computing top-1 and top-3 precision, as well as
maintaining a relevance threshold.

4) Expert Verification: Annotators have manually ver-
ified the relevance of AI topics for each repository.
They have reviewed the automatically suggested terms
and assigned the most appropriate ones based on their
expert judgment.

Inter-annotator agreement has been substantial: in 61% of
cases, both annotators fully agreed on the correct annotations,
while partial agreement was observed in 17% of the cases.
The gold standard has been intentionally designed to capture
a broader set of plausible annotations. In alignment with
the exploratory nature of the research, an annotation was
considered correct if at least one annotator marked it as
relevant.

The results are summarized in Table 4. The baseline
precision scores for all annotations are 0.921 (Top 1), 0.842
(Top 3), and 0.801 (Top 10). After applying the PageRank
threshold, annotation precision improved significantly across
all levels: 0.975 (Top 1), 0.965 (Top 3), and 0.960 (Top 10).
These findings indicate that filtering semantic annotations by
PageRank can substantially improve the relevance of detected
topics.

B. AI COMPANIES LINKING EVALUATION
The proposed entity-linking approaches - namely, Alliga-
tor [32], [33], TableLlama [34], and GPT-4o-mini [35] - are
evaluated by addressing two main research questions:

1) How effectively does the algorithm identify NIL
entities?

2) How accurately does the algorithm predict the correct
candidate?

To address the first research question, performance metrics
are reported as follows:

Precision =
TP

TP + FP
, (4)

Recall =
TP

TP + FN
, (5)

TABLE 5. NIL detection performance. For each metric, the highest score is
highlighted in bold, while the second-highest score is displayed in
underlined text.

TABLE 6. Not-NIL and overall accuracy. The highest score is highlighted in
bold, while the second-highest score is displayed in underlined text.

F1 Score =
2TP

2TP + FP + FN
, (6)

The evaluation follows a ‘‘NIL vs All’’ approach, where the
metrics are defined as follows:

• TP (True Positives): Cases where the target is NIL and
the prediction is also NIL.

• FP (False Positives): Cases where the target is a QID
but the prediction is NIL.

• FN (False Negatives):Cases where the target is NIL but
the prediction is a QID.

• TN (True Negatives): Cases where both the target and
the prediction are QIDs (regardless of whether the QIDs
match exactly).

In response to the second question, the evaluation reports
accuracy computed exclusively over the non-NIL entity
subset.

LamAPI [60] has been employed as the Entity Retrieval
(ER) system. For each mention requiring annotation, up to
50 relevant candidate entities are retrieved. To isolate the
evaluation of disambiguation performance, the retrieval
system is configured to always include the correct candidate
among the retrieved set. This approach ensures that the
assessment remains independent of the information retrieval
system. Each instance in which LamAPI fails to return
candidates is considered a NIL prediction. For the Alligator
system, two configurations have been evaluated: the greedy
model, which consistently selects the candidate with the
highest score, and an alternative that predicts NIL when the
top candidate’s score is below 0.2. This latter configuration
is referred to as Alligator nil@0.2 in Tables 5 and 6.
Additionally, the performance of the standard Wikidata
Lookup Service2 is reported as a baseline.

2https://www.wikidata.org/w/api.php?action=help&modules=
wbsearchentities
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FIGURE 5. Top innovation topics extracted from GitHub repositories by institution.

The results in Table 5 and Table 6 highlight the trade-offs
between Precision, Recall, F1, and Accuracy across the
evaluated approaches. The Alligator nil@0.2 variant achieves
high recall (0.974) at the expense of precision, while the
Alligator greedy variant excels in precision (0.715) but has
lower recall. TableLlama-7B provides balanced performance,
whereas GPT-4o-mini attains the highest F1 score (0.786)
and robust non-NIL performance. Although TableLlama-7B
achieves the highest non-NIL accuracy (0.555), GPT-4o-mini
leads in overall accuracy (0.712). The Wikidata baseline,
despite consistent performance, falls short compared to the
advanced models. These findings suggest that while GPT-
4o-mini is best overall, Alligator demonstrates superior
computational efficiency while maintaining a good perfor-
mance, making it the optimal choice in resource-constrained
environments demanding scalability and rapid inference.
In fact, it can be deployed on standard CPU infrastructure
with minimal latency [61]. For these reasons, Alligator is the
model employed in this work for company linking.

Below we provide an extensive error analysis for entity
linking task.

• GPT-4o-mini. In instances where themodel should have
returned a NIL output, it instead generates a spurious
link to an entity that is only superficially similar,
thereby introducing erroneous associations. In most of
these cases, the mention is either (a) a novel or very
small organization, or (b) clearly not an entity at all.
Additionally, in the majority of errors (62%), the correct
candidate is not among the retrieved ones, with GPT
returning either NIL or links to a different substring-
match. In the presence of acronyms, GPT often links
to the ‘‘most common’’ entity for that acronym:
CINVESTAV, which stands for ‘‘Center for Research and
Advanced Studies (CINVESTAV) in Mexico’’, is linked
to ‘‘CINVESTAV Monterrey’’. This behavior arises from
the absence of disambiguating context in the table
- such as explicit mention of the entity’s location -
which limits the model’s ability to resolve references
accurately. Approximately 24% of the errors are due to
ranking mistakes that reflect a popularity bias, whereby
the model tends to select a more general or frequently
observed sibling or parent entity. In practice, this often

results in incorrect linking to high-frequency tokens; for
instance, the mention ‘‘Carleton University & Gov of
Canada’’ may be erroneously resolved to ‘‘Gov’’ rather
than the intended compound or more specific target
entity.

• TableLlama. The predominant source of errors for
TableLlama (59%) stems from its tendency to avoid
predicting NIL when appropriate. Instead, it frequently
selects entities based on superficial substring overlap,
often resulting in generic or semantically unrelated
knowledge base (KB) entries. This behavior may be
attributed to the absence of NIL examples during the
model’s extensive fine-tuning, leading to an implicit
bias against abstention. In the case of GPT, 34% of the
errors are due to the absence of the correct entity in
the candidate set, preventing accurate resolution. Addi-
tionally, TableLlama exhibits a systematic preference
for selecting broader or more popular sibling or parent
entities. For instance, the specific mention University of
Texas at Arlington is linked to University of Texas at
Arlingtonwith the description public research university
located in Arlington, Texas, USA [type] public research
university, public educational institution, rather than
the ground truth University of Texas at Arlington
Department of Marketing [description] business school
[type] business school. A similar overgeneralization
pattern is also observed in GPT’s handling of acronyms.

• Gemma-2-9B. For the other large language models
(LLMs), a significant proportion of errors (62%) arises
from over-linking NIL entities. Specifically, Gemma2
tends to identify candidates based on overlapping
substrings, resulting in incorrect linkages even when
the correct resolution is NIL. Additionally, in 22% of
the cases, the correct entity is absent from the retrieved
candidate list, precluding accurate linking. Similar to
TableLlama, Gemma2 also exhibits a tendency to select
broader or more frequently observed sibling or parent
entities in place of precise matches, contributing to 16%
of its total errors.

• Alligator-nil@0.2. Alligator’s default threshold of
0.2 for NIL prediction renders it overly conservative in
linking valid knowledge base (KB) entities with lower
popularity, accounting for approximately 90% of its
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FIGURE 6. Trending topics analysis (by SSA, top 5%).

errors. As a result, entities with limited prominence
- such as smaller colleges, recently established com-
panies, or specific departments - typically fall below
the threshold and are not linked, despite being valid
targets. Multi-part affiliations involving semicolons,
slashes, or ampersands often exacerbate this issue, either
suppressing the match score below the threshold (false
negatives) or promoting erroneous substring-based over-
linking (false positives). In 3.4% of cases, mentions not
present in the KB share sufficient lexical overlap with
moderately popular KB entries to exceed the threshold
spuriously, leading to incorrect linkage. Furthermore,
since Alligator’s features are primarily derived from
the KB and basic syntactic patterns, its performance
degrades in the presence of contextual ambiguity,
typographical errors, acronyms, or multi-component
mentions, all of which contribute to increased error rates.

Figures 5a and 5b illustrate the top innovation topics
identified in GitHub repositories linked to two prominent
academic institutions - Imperial College London and the
University of Amsterdam. The resulting topic distributions
demonstrate the effectiveness of the entity linking method
in associating repositories with their institutional origins
and reveal the thematic research orientations characteristic
of each university. For example, Imperial College exhibits
a strong emphasis on Machine learning and Artificial
intelligence, with fewer projects on specialized subfields like
3D computer graphics or Medical imaging. In contrast, the
University of Amsterdam shows a broader thematic spread,
with significant activity in Machine learning, Computer
vision, Deep learning.
These results reinforce the potential of the proposed

approach to surface meaningful, institution-specific innova-
tion signals from open-source code repositories.

FIGURE 7. Trending topics analysis, filtered (by SSA, top 5%).

C. TREND DETECTION EVALUATION
Temporal dynamics of AI-related topics and technical
requirements have been assessed using Singular Spectrum
Analysis (SSA) across multiple window sizes (3, 6, and
12 months). SSA has been selected due to its effectiveness
in decomposing complex time series into interpretable trend
components.

The window size in SSA determines the length of the
sliding window used to create the trajectory matrix from
time series. The evaluation focused on identifying both the
strength and predictability of trends in annotated AI concepts
and extracted software dependencies.

The analysis yielded several key insights:

• Strong Conceptual Signals: Several AI concepts
demonstrated high SSA trend scores, indicating their
increasing prominence and sustained relevance within
the GitHub ecosystem. Notable examples include Arti-
ficial Intelligence, Data Analysis, and Data Science,
which appeared consistently in the top 5% across
multiple SSA window sizes (Figure 6). These topics
consistently exhibit high SSA trend scores, suggesting
long-term and sustained interest in the AI research and
development landscape.

• Specific Conceptual Signals: Figure 7 presents the top
% of trending AI topics based on Singular Spectrum
Analysis (SSA) (excluding concepts with strongest
signals, such as Artificial Intelligence, Data Science
and Data Analysis). By analyzing trend growth across
multiple SSA window sizes (3, 6, and 12 months),
the visualization captures both short-term fluctuations
and long-term developments. Topics such as Problem
Solving, Mathematical Model show consistently high
trend scores, indicating sustained growth and increasing
relevance in AI development. The variation in trend
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FIGURE 8. Trending requirements analysis (by SSA).

intensity across window sizes highlights temporal
dynamics, with larger windows emphasizing enduring
trends and shorter windows capturing recent shifts.

• Multi-Scale Analysis: The application of SSA using
multiple window sizes enabled the differentiation
between short-term fluctuations and long-term devel-
opments. Concepts that demonstrated consistent trends
across these scales were interpreted as reflecting
sustained community interest and stable adoption trajec-
tories.

• Requirement-Level Trends: In addition to concep-
tual trends, the analysis of software requirements
(Figure 8) revealed adoption patterns of widely used
Python libraries and frameworks such as pandas,
scikit-learn, numpy, and matplotlib. These
results reflect the tool preferences of AI developers and
signal shifts in implementation practices over time.

This multi-scale trend analysis approach offers a nuanced
understanding of how AI innovation themes and tool usage
evolve over time. It highlights not only dominant topics but
also emerging concepts and tools with growing relevance
across short to long temporal horizons.

V. PIPELINE IMPLEMENTATION
To operationalize the proposed semantic approach, the
complete processing pipeline has been implemented using
the TAO (Tool Augmentation by user enhancements and

Orchestration) framework [6]. TAO offers an extensible
and user-friendly environment for the design, execution,
and management of complex data workflows. Its modular
architecture allows the composition and distribution of
processing pipelines, enabling independent definition and
integration of additional modules by end users.

A processing module may be a standalone executable,
a script, or an external service. TAO thus facilitates the
integration and orchestration of heterogeneous components
and libraries for data enrichment purposes.

To implement the pipeline, the following steps were carried
out:

• Preparation of resources: This included setting up
execution nodes, processing components, data sources,
and data inputs. Docker images and corresponding
descriptors were created for the tools used in the pipeline
(e.g., Wikifier) (Figure 9)

• Definition of the InnoGraph workflow: The workflow
is designed as a directed acyclic graph (DAG) composed
of processing operations applied to inputs and producing
at least one output. It is described using formal flow
diagrams, where modules (processing components) are
visually created via drag-and-drop interfaces. Modules
are connected through directed lines, linking input
ports (blue dots) to output ports (yellow dots). Each
port specifies the expected format (e.g., file, folder),
and compatibility checks are enforcedwhen establishing
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FIGURE 9. TAO interface: Processing modules.

FIGURE 10. TAO interface: Workflow definition.

FIGURE 11. TAO interface: Dashboard demo.

connections. Module parameters can be edited via a
pencil icon. Workflows can be created from scratch,
modified, deleted, or cloned from existing templates.
(Figure 10 in appendix B)

• Execution of the workflow: The TAO framework
executes workflows using distributed resource managers
with support for Kubernetes, Torque, Slurm, and local or
SSH execution modes. TAO also provides capabilities
for dynamic provisioning of virtual machines (VMs)
within OpenStack environments. Through OpenStack’s
API-driven architecture, TAO can automatically create,
configure, and launch VMs tailored to specific resource
needs, including memory, storage, CPU, and network
settings. (Figure 11 in appendix B)

• Retrieval and visualization of results:After execution,
the results are retrieved and can be visualized or exported
for further use.

Figure 9 illustrates a simplified view of the pipeline in
TAO, showing how modules for annotation, enrichment,
and organization linking are composed into an executable
workflow.

One of the key advantages of implementing the innovation
detection pipeline within the TAO (Tool Augmentation and
Orchestration) framework lies in its modular architecture and
visual workflow composition, which significantly enhances
reproducibility, reusability, and domain portability. Each
processing step - such as data ingestion, semantic annotation,
entity linking - is encapsulated in independent, containerized
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TABLE 7. Glossary of abbreviations used in the paper.

modules that can be reused or replaced without modifying the
entire workflow. This makes the system highly adaptable to
other domains with similar needs for concept extraction and
innovation tracking.

For example, adapting the pipeline to domains such as
biotech or climate tech would primarily involve replac-
ing the AI-specific taxonomy and annotation filters with
domain-specific ontologies (e.g., MeSH [47] for biomedical
topics). Since TAO supports drag-and-drop configuration of
directed acyclic workflows, non-specialist users can rewire
modules or integrate new tools (e.g., domain-specific NLP
annotators) via Docker containers with minimal effort. Addi-
tionally, TAO’s ability to track configurations, inputs, and
outputs ensures end-to-end reproducibility across different
runs or datasets.

VI. CONCLUSION
This study presents a novel, AI-driven methodology for
detecting innovation within open-source code repositories,
with a specific emphasis on GitHub. By integrating semantic
annotation, an AI-specific innovation taxonomy, and entity
linking, the approach enables the systematic extraction of
structured insights into emerging AI trends. The implemented
pipeline supports high-fidelity topic annotation via the
Wikifier tool, incorporates mechanisms for company linking,
extracts technical requirements and conceptual signals, and
enriches textual data through the linkage of AI topics,
projects, and organizations.

Although the methodology is tailored for detecting AI
innovation in GitHub repositories, the underlying pipeline
is potentially adaptable to other technology domains.
Adaptation would require domain-specific modifications,

particularly in taxonomy construction, semantic annotation,
and concept filtering. For instance, applying the framework
to other domains would necessitate the use of curated
vocabularies and knowledge bases that accurately capture
the terminology and innovation signals specific to those
fields. While the modular implementation within the TAO
framework supports such adaptation, empirical validation
in non-AI domains remains an open avenue for future
investigation.

In contrast to previous approaches that primarily rely
on academic publications and citation networks, this work
introduces a novel signal source: open-source software repos-
itories, encompassing both metadata and source code for
analysis. A comprehensive, multimodal pipeline is presented
to capture implementation-level innovation signals. Further-
more, these signals are linked to organizations and temporal
markers, enabling institutional and temporal analyses that are
not supported by existing tools.

The concept trend detection, enabled by Singular Spectrum
Analysis (SSA), reveals both short- and long-term trends in
AI development.

The evolving AI ecosystem is effectively captured by
detecting links between technologies, institutions, and con-
tributors. This structured representation allows not only ret-
rospective analysis but also the potential for forward-looking
innovation forecasting. The study discovers dominant and
volatile AI topics, reflecting the dynamic nature of AI
research. Requirements-level trend detection further high-
lights the popularity and adoption timelines of foundational
AI tools.

The implications of this work span multiple stakeholder
groups. For researchers, it offers a scalable way to explore the
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state of the art and detect emerging topics. For companies,
the approach provides actionable intelligence to monitor
competitors and align strategic investments. Policymakers
can leverage the insights to guide funding and regulatory
frameworks for AI development.

Nonetheless, several challenges remain. Entity linking
to organizations is hindered by data sparsity, ambiguity,
and the limited coverage of non-Western companies in
current knowledge graphs. Moreover, fine-tuning of entity
linking models like Alligator yielded limited improvements,
signaling the need for domain-specific training data and
refined features.

Future work will focus on enhancing entity linking through
hybrid symbolic-neural methods, multilingual support, and
improved temporal reasoning within the knowledge graph.

In parallel, trend detection will be advanced by exploring
additional techniques, including temporal word embeddings,
attention-basedmodels, and change-point detection - to better
capture emerging signals. The integration of external data
sources (e.g., arXiv, technical blogs) will further enrich the
analysis.

To evaluate robustness and responsiveness, SSA will be
systematically compared with alternatives such as ARIMA,
Prophet, and time-aware neural models across diverse data
modalities. This multimodal benchmarking will inform the
development of a more comprehensive and explainable inno-
vation monitoring framework, supporting lifecycle analysis
from early research to implementation and adoption.

In summary, this work lays the foundation for a more
transparent, automated, and explainable framework for
tracking AI innovation - one that is capable of evolving in
parallel with the rapidly advancing technologies it aims to
map.

APPENDIX A
EXAMPLES
A. TOPIC EXTRACTION EXAMPLES
Example 1

• idd: 65
• Text:Machine learning method examples with R
Used datasets: iris, Glass, Shuttle, Groceries.
For more datasets: library(help=mlbench).
Methods listed: Kmeans, Neural network, Random
Forest, SOM, Naive Bayes, Associative rules, Decision
tree.

• Annotations:

– K-means clustering (0.0238)
– Machine learning (0.0224)
– Decision tree (0.0175)
– Neural network (0.0156)
– Random forest (0.0148)
– Naive Bayes classifier (0.0114)

Example 2

• idd: 135

• Text: Project about recoloring images and looking at
color bias for a course in Deep Learning at Chalmers
HT22.
Dataset: https://www.kaggle.com/datasets/arnaud58/
landscape-pictures?resource=download

• Annotations:
– Deep learning (0.0716)
– Machine learning (0.0147)
– Color (0.0111)

Example 3
• idd: 94
• Text: Machine-Learning-Recipes — using Scikit-learn
and Tensorflow. This repository contains basic imple-
mentations of popular classifiers used in machine
learning.

• Annotations:
– Machine learning (0.0629)
– Scikit-learn (0.0249)
– Statistical classification (0.0161)

B. REQUIREMENTS EXAMPLES
Example 1

idd: 315
Repository: Bird-Species-Classification
Description: Machine learning model that predicts the

species of a bird from its image.
Requirements:
• TensorFlow (2.5.1)
• Keras-Applications (1.0.8)
• Keras-Preprocessing (1.1.0)
• Flask (1.1.1), Gunicorn (20.0.4)
• NumPy (1.16.4), h5py (2.10.0), protobuf (3.11.2)
• Additional: Jinja2, soupsieve, termcolor, pytube,
requests, astor, grpcio

Example 2
idd: 417
Repository: TensorANFIS
Description: Simple implementation of an Adaptive

Neuro-Based Fuzzy Inference System (ANFIS) in Tensor-
Flow. Includes example code for predicting theMackey Glass
time series.

Requirements:
• Python (3.5.5)
• TensorFlow (1.15.2)
• NumPy (1.15.2)
• Matplotlib (3.0.0)
Example 3
idd: 511
Repository: WANN (Weighting Adversarial

Neural Network)
Description: Supervised domain adaptation method for

regression, reweighting source losses to correct for distribu-
tion shifts. Evaluated against several baselines (e.g., KMM,
DANN, ADDA).

Requirements:
• TensorFlow (>=2.0)
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• scikit-learn, numpy, pandas, matplotlib, nltk
• adapt (domain adaptation library)

Datasets: CityCam, Sentiment Analysis

C. COMPANY IDENTIFICATION EXAMPLES
1) MULTIPLE RELEVANT ORGANIZATIONS
Example 1

• Idd: 201477
• Company:@facebook,@YonseiUniversity,@UCRiver-
side

• Bio: ‘‘Hello:) I’m a CS student at UC Riverside. I used
to work on Instagram Reels Recommendation Team.’’

Example 2
• Idd: 47104
• Company: A member of intern @OpenGVLab,
Shanghai AI Laboratory

• Bio: ‘‘PhD student. A member of intern @OpenGVLab,
Shanghai AI Laboratory.’’

Example 3
• Idd: 500879
• Company: Data Scientist @ Amex, Ex-ML Intern @
Apple, BNP Paribas

• Bio: ‘‘Computer Science + Business Intelligence Ana-
lytics Graduate @ Univ. of Texas at Dallas.’’

2) GRANULARITY ISSUES
Example 1

• Idd: 80323
• Company:@GirardeauLab
• Bio: ‘‘i-Bio PhD fellow at Sorbonne Université. Electro-
physiological analysis and machine learning.’’

Example 2
• Idd: 6405
• Company: Epson Europe B.V
• Bio: ‘‘Software Engineer with a focus on Optimisation/
Machine Learning/ Neural Networks/ AI/ Applied
Mathematics/ Games.’’

Example 3
• Idd: 163789
• Company:@Liquid-Reply
• Bio: ‘‘Software Engineer with a mix of Industrial
Engineering and Software Development.’’

3) ENTITIES WITH SIMILAR NAMES
Example 1

• Idd: 74424
• Company: deeper
• Bio: ‘‘I am an electronic engineer. Now I am interested
in deep learning. I have done a lot on deep learning,
caffe, and tensorflow.’’

Example 2
• Idd: 493311
• Company: Netsmart
• Bio: ‘‘Senior Software Engineer at Netsmart. Graduate
with a focus on Artificial Intelligence.’’

4) ENTITIES WITH MULTIPLE QIDs
Example 1 - This example has been fixed inWikidata, one
QID redirects to the other now

• Idd: 233220
• Company: @iDTLabssl, @Code4SierraLeone,
@CodeForAfrica

• Bio: N/A
• QIDs: Q117184139, Q105006683

5) IRRELEVANT VALUES IN THE COMPANY COLUMN
Example 1 - HR refers to his name

• Idd: 170282
• Company: HR Graphic
• Bio: ‘‘Front-end developer, Html, CSS, JavaScript,
Bootstrap, and React expertise.’’

• Website: linkedin.com/in/hafiz-muhammmad-rayyan/
Example 2
• Idd: 379034
• Company: Open for hire
• Bio: ‘‘Flask | SQLAlchemy | Keras | C++ | Backend
developer with experience in building music streaming
services.’’

APPENDIX B
PIPELINE IN TAO
See Figures 10 and 11.

APPENDIX C
GLOSSARY OF ABBREVIATIONS
See Table 7.
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