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ABSTRACT

The rapid proliferation of artificial intelligence has created a complex ecosystem of products, platforms, and
organizations, yet empirical understanding of its structural characteristics remains limited. This study
empirically maps the observed AI product ecosystem by examining 3,027 product records, focusing on
market concentration, organizational diversity, startup-product relationships, and pricing metadata
completeness. The analysis reveals a dual structural pattern. Within the subset of products with identifiable
organizational relationships (42 products across 17 startups), product representation is highly concentrated:
four companies account for 57.14% of linked products, with a Herfindahl Hirschman Index of 1,281 and a
Gini coefficient of 0.434. However, the ecosystem simultaneously demonstrates organizational diversity,
with a Shannon diversity index of 2.450 and Simpson diversity measure of 0.872. Critically, the study identifies
substantial metadata limitations: only 1.39% of product records contain identifiable company associations,
while 97.72% lack explicit pricing classifications. These findings demonstrate that ecosystem structure cannot
be assessed independently of data quality observed concentration among major companies coexists with
broad organizational participation, but incomplete entity linkage and pricing metadata severely constrain
inference. The study contributes methodologically by distinguishing between substantive ecosystem
characteristics and data quality artifacts, and empirically by characterizing the AI product ecosystem as
organizationally diverse yet product concentrated. Results highlight the need for improved entity resolution,
standardized pricing taxonomies, and multi source data integration to support robust future analyses of the
evolving AI product landscape.
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1. Introduction and Background

Artificial intelligence (AI) is rapidly becoming a foundational infrastructure of modern society. However,
much existing analysis of AI development has focused primarily on technological capability growth, model
performance, and investment flows, while comparatively little attention has been given to the broader societal
values embedded in AI systems [1].

The expanding application of Al across diverse sectors further demonstrates its growing economic and societal
significance. Recent studies confirm AI’s strong applicability in digital soil mapping [2], urban planning [3],
agriculture [4], industrial process optimisation [5, 6], and energy systems [7]. Researchers have also paid
increasing attention to AI’s role in mitigating climate risks [8], supporting the digital transformation of food
systems [9, 10], and contributing to ecological meteorology and ecosystem services monitoring [11, 12].
Furthermore, there is growing interest in integrating Al into carbon flow assessment, environmental risk
prediction, and the adaptation of agroecosystems to climate change [13, 14, 15].

These expanding applications illustrate that Al is no longer confined to isolated technological domains. Instead,
its development and deployment increasingly depend on interconnected infrastructures, organizations, data
resources, platforms, and complementary technologies. Understanding Al therefore requires attention not
only to individual applications and technical capabilities but also to the broader ecosystems within which Al
products and services are developed, distributed, and commercialized.

1.1 Digital Platforms and the Emergence of Al Ecosystems

The growing importance of Al coincides with the increasing significance of digital platforms in contemporary
economic systems. In platform economy geography, recent scholarly contributions [16, 17, 18, 19, 20] have
highlighted the profound transformations generated by digital platforms. These transformations extend across
market competition, the organization of global value networks, and the structure of work processes [21].
Consequently, digital platforms exert substantial influence over power dynamics [22] Bearson et al. 2021),
affecting economic and organizational relationships both within individual nations and across international
borders while simultaneously reshaping the physical and conceptual spaces in which economic activity occurs.

Within this broader transformation, an emerging stream of research has begun to examine the place based
ecosystems in which AI innovations emerge and develop. This literature builds on the contextual turn in
management research and, more specifically, on scholarship concerning entrepreneurial ecosystems.
Nevertheless, because Al ecosystem research remains relatively nascent, the literature is fragmented across
academic and practitioner boundaries, as well as across previously disconnected disciplines. The presence of
disparate and insufficiently defined concepts has contributed to a disorganized body of knowledge in which
important insights remain latent [23].

The increasing strategic importance of Al also reinforces the need to understand these ecosystems more
systematically. Al applications have become an important mechanism through which enterprises seek to
enhance value creation and strengthen competitive positioning. However, existing literature provides limited
direct empirical analysis of how data elements influence AI adoption. Addressing this gap requires more
systematic approaches to conceptualizing and measuring both the data resources underlying Al systems and
the AI applications that emerge from them [24].

1.2 The Multi-layer Structure of Generative AI Platform Ecosystems

The ecosystem perspective becomes particularly important in the context of generative AI. Digital platform
ecosystems built on generative AI cannot be understood as single or homogeneous markets. Instead, they
form complex, interconnected value chains across multiple layers, including semiconductors, cloud
infrastructure, foundation model development, inference services, platform orchestration, and applications.
These layers differ substantially in capital requirements, barriers to entry, and value capture mechanisms.
Consequently, the economic structure of the Al ecosystem is inherently heterogeneous, with different types
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of organizations occupying distinct positions and performing complementary functions. Research examining
this networked business ecosystem has analyzed its economic structure through a systematic literature review
of 36 studies, evaluated six structural hypotheses, and advanced three formal propositions that extend platform
theory and complementary-asset frameworks to multi-layer AI ecosystems [25].

This layered structure has important implications for analysing AI product ecosystems. Market concentration,
organizational diversity, technological interdependence, and access to critical infrastructure may vary
substantially across different layers of the ecosystem. Accordingly, an empirical mapping of AI products and
organizations must move beyond treating the AI sector as a single, unified market and instead account for the
diverse actors, relationships, and forms of value creation embedded within the broader ecosystem.

1.3 Challenges in Mapping AI and Business Ecosystems

Despite the growing importance of ecosystem analysis, conventional approaches to mapping complex
ecosystems still face substantial methodological limitations. Ecosystem mapping frequently relies on Social
Network Analysis (SNA), reflecting the inherently interconnected nature of network structures [26-28]. Such
approaches typically depend on manual or semi automated content analysis to identify relevant actors and
relationships.

However, existing ecosystem mapping approaches are frequently time and labor intensive, even when applied
to relatively small datasets [29, 30]. These limitations restrict their scalability and may reduce their practical
appeal to executives and other decision makers. In addition, the subjectivity associated with analysts’
interpretations, the absence of standardized taxonomies, and limitations in reproducibility and validity further
constrain the utility of traditional Business Ecosystem Theory (BET) based approaches in academic research

[31].

These challenges are particularly significant in rapidly evolving sectors such as AI, where new organizations,
products, technologies, and platform relationships emerge continuously. The complexity and dynamism of
these environments make manual ecosystem mapping increasingly difficult and create a need for more scalable,
systematic, and reproducible analytical approaches.

1.3.1 Al and Natural Language Processing for Ecosystem Mapping

Recent research has begun to explore Al as a tool for mapping complex business ecosystems. One stream of
research explores using artificial intelligence to map business ecosystems, particularly in the context of the
energy transition. This context is especially relevant because the energy transition is a globally significant
phenomenon that requires interactions among multiple industries, nations, technologies, innovations, and
regulatory frameworks [32].

Similarly, Ribeiro [31] proposed an innovative methodology that harnesses Natural Language Processing
(NLP) techniques to systematically identify digital platform companies globally. Such approaches demonstrate
the potential of computational methods to reduce dependence on manual data collection and interpretation
while enabling ecosystem analysis at larger scales.

Al-enabled ecosystem mapping can also generate insights into relationships among established organizations
and emerging technological clusters. By detailing relationships between leading entities and emerging
technology clusters, N. Mohammadi provided a comprehensive view of the retail innovation landscape. This
approach supported stakeholder decision making related to technology adoption, collaborative opportunities,
and competitive positioning within an increasingly digital retail ecosystem [33].

Together, these studies demonstrate the potential of AT and NLP techniques to improve the scalability,
consistency, and analytical depth of ecosystem mapping. They also provide a foundation for examining Al
product ecosystems as complex organizational and technological networks rather than as collections of
independent firms or products.
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1.4 Metadata and the Limits of Al Product Ecosystem Analysis

Despite advances in computational approaches to ecosystem mapping, the quality and availability of structured
metadata remain important constraints. A fundamental tension exists between the persistent costs associated
with producing and refining structured metadata under conditions of deep technological friction and the
differentiated demands that distinct communities place on data quality, focus, and granularity.

This tension can be understood through the concept of the innovation annulus, defined as the zone between
freely available structured data and the advancing frontier of commercially refined knowledge products [34].
Within this zone, organizations face significant challenges in determining how much information should be
standardized, refined, and commercialized, particularly when different users require different levels of detail
and data quality.

These metadata limitations are especially relevant for Al product ecosystems, where information regarding
products, organizations, capabilities, pricing, market positioning, and technological relationships may be
incomplete, inconsistently structured, or commercially restricted. Consequently, the empirical mapping of
Al ecosystems depends not only on the availability of advanced analytical techniques but also on the
accessibility, quality, and granularity of the underlying metadata.

1.5 Research Context

Taken together, the existing literature highlights several interconnected developments. First, Al is becoming
increasingly embedded across economic, environmental, industrial, and societal domains. Second, the
development and commercialization of AI increasingly occur through complex digital platform ecosystems
characterized by multiple organizational layers and heterogeneous mechanisms of value creation. Third,
conventional approaches to ecosystem mapping face important limitations related to scalability, subjectivity,
reproducibility, and the absence of standardized taxonomies. Finally, although AI and NLP offer promising
approaches for systematically mapping complex ecosystems, these methods remain constrained by the
availability and quality of structured metadata.

These developments provide a basis for examining the AI product ecosystem empirically. In particular,
systematic ecosystem mapping can contribute to a better understanding of market concentration,
organizational diversity, the relationships among different AI actors and product categories, and the limitations
associated with incomplete or unevenly structured pricing and product metadata. This approach can reveal
the broader structure of the AI marketplace while also identifying the methodological and informational
constraints that shape empirical analyses of rapidly evolving digital ecosystems.

2. Research Statement

The rapid expansion of artificial intelligence has produced a complex and increasingly interconnected
ecosystem of products, startups, digital platforms, technologies, and complementary infrastructures. Although
Al is now widely recognized as an important technological and economic infrastructure, empirical unde-
rstanding of the structure of the AI product ecosystem remains limited. Existing research has primarily
focused on Al capabilities, technological performance, adoption, investment, or specific application domains,
while comparatively less attention has been directed toward systematically mapping the relationships between
Al products and the organizations that develop or provide them.

The empirical examination of AI ecosystems is further complicated by the fragmented and uneven nature of
available data. Product information is distributed across multiple digital platforms and directories, while key
metadata, including company affiliation, pricing model, technology classification, and market characteristics,
may be incomplete or inconsistently represented. Conventional ecosystem mapping approaches based on
manual or semi automated analysis are also difficult to scale and may be affected by subjectivity, limited
reproducibility, and the absence of standardized taxonomies [26—31].

182 dline.info/jitr



Journal of Information Technology Review Volume 17 Number 4 November 2026

The central research problem addressed in this study is therefore the limited empirical understanding of how
AT products are distributed across organizations and the extent to which available product metadata can
support reliable analysis of market structure, organizational diversity, product concentration, and pricing
models. In particular, incomplete company-product entity linkage and substantial gaps in pricing metadata
create uncertainty regarding whether observed patterns represent actual characteristics of the AI market or
limitations in the underlying data.

Accordingly, this study empirically maps the observed AI product ecosystem using a structured multi-source
dataset containing AI startups, products, research, employment, news, and entity relationships. The study
focuses specifically on the product company relationships available within the dataset and examines the
distribution of products across identified organizations, the degree of concentration and inequality in product
representation, organizational diversity, and the completeness of pricing metadata. The study therefore
contributes to AI ecosystem research by distinguishing between substantive ecosystem characteristics and
limitations arising from incomplete metadata.

The research statement can be summarized as follows:

This study investigates the structural characteristics of the observed AI product ecosystem by examining
product concentration, organizational diversity, startup product relationships, and pricing model metadata,
while explicitly assessing how incomplete entity linkage and missing pricing information constrain the
interpretation of empirical ecosystem patterns.

2.1 Research Issues
The study addresses several interconnected research issues associated with empirical Al ecosystem analysis.

2.11 Limited visibility of AI product-company relationships

A fundamental issue concerns the incomplete identification of relationships between AI products and the
organizations associated with them. Of the 3,027 product records available in the dataset, only 42 records
contain an identifiable startup or company association. Consequently, most products cannot be directly
linked to a specific organization. This creates uncertainty regarding the extent to which the observed
organizational structure represents the broader AI product ecosystem.

2.12 Unequal product representation among identified organizations

Within the subset of products for which organizational information is available, product representation is
unevenly distributed. A small number of major companies account for a substantial proportion of the linked
products, whereas many organizations are represented by only one or a few products. The research issue is
therefore whether the observed AI ecosystem demonstrates meaningful organizational concentration despite
the presence of multiple participating companies.

2.13 The coexistence of concentration and diversity

Market ecosystems cannot be adequately characterized using a single structural measure. An ecosystem may
contain many participating organizations while simultaneously exhibiting substantial concentration in the
distribution of products. This creates an important analytical issue concerning the relationship between
organizational diversity and product concentration. The present study therefore examines whether the Al
product ecosystem is simultaneously diverse in organizational participation and concentrated in product
representation.

2.14 Incomplete pricing metadata

A major research issue concerns the availability and reliability of product pricing information. The analysis
shows that 2,958 of 3,027 products are classified as OTHER/UNKNOWN, representing 97.72% of the product
dataset. Consequently, the available information is insufficient to establish the actual prevalence of specific
pricing strategies such as freemium, subscription, open-source, paid, or free models.
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2.15 Distinguishing market structure from metadata structure

An important methodological issue is the possibility that observed empirical patterns may partly reflect the
structure and quality of the underlying data rather than the actual structure of the AI market. For example,
the large OTHER/UNKNOWN pricing category should not be interpreted as evidence that most Al products
lack established pricing models. Similarly, concentration among identified companies cannot automatically
be generalized to all AI products because the overwhelming majority of product records lack company
attribution.

2.16 Single-source limitations

Although the broader dataset integrates multiple types of Al ecosystem information, all product records used
in the pricing analysis originate from a single source, AI123Box. This prevents meaningful statistical comparison
across independent product directories and raises the possibility that observed pricing patterns are influenced
by source specific data collection and categorization practices.

3. Research Gaps

The study addresses four principal gaps in the existing literature.

3.1 Gap in empirical mapping of AI product ecosystems

Existing AI research has extensively examined technological capabilities, model performance, adoption,
investment, and application across multiple sectors. However, there remains limited empirical research
systematically examining the structural organization of the AI product ecosystem, particularly the distribution
of products across organizations and the relationships between product representation and organizational
participation.

Previous research recognizes the importance of Al ecosystems and multi-layer platform structures, but
empirical evidence regarding the organizational structure of product-level Al ecosystems remains limited.
This study addresses this gap by examining product-company relationships in an empirical Al ecosystem
dataset.

3.2 Gap in the simultaneous measurement of concentration and diversity

Existing ecosystem analyses frequently emphasize either market concentration or the diversity of participating
actors. These perspectives are complementary but should not be treated as mutually exclusive. An ecosystem
can contain numerous organizations while product activity remains concentrated among a relatively small

group.

The present study addresses this analytical gap by combining multiple complementary indicators, including
the Herfindahl Hirschman Index (HHI), Gini coefficient, Shannon diversity index, Simpson diversity measure,
cumulative concentration shares, and the startup to product ratio. This multidimensional approach provides
a more comprehensive characterization of ecosystem structure than reliance on a single concentration or
diversity measure.

3.3 Gap concerning metadata quality in Al ecosystem research

Research on Al ecosystems has increasingly recognized the potential of computational and Natural Language
Processing approaches for ecosystem mapping. However, less attention has been given to the extent to which
incomplete metadata constrains the validity of empirical ecosystem analysis.

The present study addresses this gap by treating missing pricing and entity information as substantive
methodological findings rather than simply removing incomplete observations. The analysis explicitly
evaluates how metadata incompleteness affects the interpretation of product concentration, organizational
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diversity, and pricing structures.

3.4 Gap between observed data and actual market characteristics

A further gap concerns the distinction between patterns observed in available datasets and the underlying
characteristics of the actual Al market. Incomplete data may produce apparent patterns that are artifacts of
classification practices, source coverage, or entity resolution limitations.

This study addresses this gap by explicitly distinguishing between the observed AI product ecosystem
represented in the dataset and the broader global AI product market. The findings are therefore interpreted as
descriptive evidence concerning the observed and linked dataset rather than as definitive estimates of global
Al market structure.

This study adopts a quantitative, descriptive, and exploratory empirical research design.

The quantitative component is appropriate because the study analyzes structured product and organizational
records using numerical indicators of distribution, concentration, inequality, diversity, and metadata
completeness. The descriptive component characterizes the composition and structure of the observed Al
product ecosystem without attempting to establish causal relationships. The exploratory component is
appropriate because systematic empirical research on the structural characteristics of AI product ecosystems
remains relatively underdeveloped and because the study investigates patterns emerging from a large,
heterogeneous ecosystem dataset.

The study follows an ecosystem mapping research design in which AI products constitute the principal units
of observation and identified startups or companies constitute the organizational entities to which products
are linked. The analysis therefore examines the structure of the ecosystem through the distribution of product
records across identified organizations.

The research design is organized around three analytical dimensions:
1. Product metadata structure, focusing on the availability and distribution of pricing information.

2. Organizational structure, focusing on relationships between Al products and identified startups or
companies.

3. Ecosystem structure, focusing on concentration, inequality, diversity, and cumulative product repres-
entation.

The study does not attempt to estimate causal effects or test whether particular organizational characteristics
cause differences in pricing or product development. Instead, the purpose is to empirically characterize the
observed structure of the AI product ecosystem and identify the limitations that incomplete metadata impose
on interpretation.

The unit of analysis is primarily the AI product record. However, for organizational concentration and diversity
analyses, the unit of analysis is aggregated to the startup/company level, based on identifiable product-
company relationships.

The study also adopts a data-quality-aware analytical design. This is important because missing data are not
treated as a minor technical problem. Instead, the completeness of pricing and entity linkage information is
itself analyzed as an important characteristic affecting the reliability and interpretability of ecosystem level
conclusions.
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3.5 Research Method

3.5.1 Data source and dataset

The study uses a structured multi source dataset representing the AI ecosystem. The dataset integrates
information relating to AI startups, products, research publications, employment opportunities, news, and
entity relationships. It contains six CSV files, 45 variables, and more than 6,000 records. The dataset provides
a structured representation of the AI landscape and supports quantitative and empirical analysis.

The principal files include:

e startups.csv, containing information on Al startup companies;

e products.csv, containing 3,027 Al product and service records;

e research_papers.csv, containing academic and technical AI publications;

e jobs.csv, containing Al-related employment information;

e news.csv, containing recent Al industry news; and

e entity_mapping_log.csv, containing relational mappings among ecosystem entities.

The present empirical analysis focuses primarily on the products.csv data and its available organizational
linkage information.

3.5.2 Data collection and processing

The underlying dataset was compiled from publicly accessible web sources, with original URLs retained to
support data provenance and traceability. The data preparation process involved systematic data engineering
procedures, including data cleaning, normalization, deduplication, and schema validation.

For the present study, the analytical dataset was processed through the following stages:

1. Data selection: Product-level records were selected as the primary analytical population.

2, Variable identification: Pricing model and startup/company fields were identified as the principal
variables for structural ecosystem analysis.

3. Data completeness assessment: Missing and unclassified observations were quantified before
substantive interpretation.

4. Entity linkage: Products containing identifiable startup or company information were extracted for
organizational analysis.

5. Aggregation: Linked product records were aggregated by startup/company to determine the number of
products associated with each organization.

6. Classification: Pricing information was categorized into FREE, FREEMIUM, PAID, SUBSCRIPTION, OPEN
SOURCE, and OTHER/UNKNOWN.

7. Validation: Descriptive totals and percentages were examined for internal consistency.

This processing approach ensured that the analysis distinguished between valid substantive observations and
missing or incomplete metadata.
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3.5.3 Pricing-model analysis
The first stage of analysis examined the distribution of product pricing classifications across all 3,027 product
records.

We calculated frequency counts and percentages for each pricing category. The primary objective was to
determine how much pricing information was available and sufficiently structured for ecosystem analysis.
Because 97.72% of products were classified as OTHER/UNKNOWN, the analysis interpreted this result primarily
as evidence of limited metadata completeness rather than as evidence concerning the actual distribution of Al
industry pricing strategies.

The pricing analysis was therefore conducted as both:

e a descriptive analysis of observed pricing classifications; and

e an assessment of pricing-metadata completeness.

3.5.4 Startup-product relationship analysis
The second stage examined relationships between AI products and identified startups or companies.

Only product records containing an identifiable organizational association were included in this analysis. The
linked records were grouped by company, and the number of associated products was calculated for each
organization.

The following descriptive indicators were used:

e number of identified startups;

e number of linked products;

e products per startup;

e company level product counts; and

¢ percentage share of linked products.

3.6 Product concentration analysis

Product concentration was examined to determine the extent to which linked AI products were distributed
unequally among identified organizations.

The analysis used cumulative concentration shares, including the proportion of linked products
represented by the largest four, five, and ten companies.

The Herfindahl-Hirschman Index (HHI) was calculated as:
[ HHI=_ {i=1}s2 ]
where (s_1) represents the proportional share of linked products associated with startup (i).

The HHI was used to quantify the degree to which product representation was concentrated among a
limited number of organizations.
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3.7 Inequality analysis
The Gini coefficient was used as a complementary measure of inequality in the distribution of products across
identified startups.

The coefficient ranges from zero, representing perfect equality, to one, representing maximum inequality. In
the present study, the Gini coefficient was used to determine whether linked products were distributed relatively
evenly among participating organizations or concentrated disproportionately among a smaller group of
companies.

Using both the HHI and the Gini coefficient enabled the analysis to distinguish concentration from broader
inequality in product representation.

3.8 Organizational diversity analysis
Organizational diversity was assessed using the Shannon diversity index and Simpson diversity measure.

The Shannon diversity index was calculated as:
[ H=-_{i=0}"{n}p_i(p_1) ]
where (p_1) represents the proportion of linked products associated with startup (i).

The Simpson diversity measure was used to provide a complementary assessment of organizational diversity
based on the distribution of products across companies.

These measures were interpreted alongside concentration indicators because organizational diversity and
product concentration can coexist. An ecosystem may contain numerous participating organizations while
still exhibiting substantial inequality in the distribution of products among them.

3.9 Startup-level pricing analysis

For products containing both startup/company and pricing information, pricing classifications were cross-
tabulated by organization.

The objective was to identify descriptive variation in observed pricing classifications across startups.
However, inferential statistical testing was not used because the number of observations per company was
extremely small and the dominance of the OTHER/UNKNOWN category would create substantial expected-
frequency problems. Accordingly, startup level pricing patterns were interpreted descriptively rather than as

statistically established differences in corporate pricing strategies.

3.9 Visualization
Four principal visualizations were used to support interpretation:

e Pricing distribution chart, showing the dominance of the OTHER/UNKNOWN category;
e Startup product count ranking, showing the distribution of linked products across companies;

e Cumulative concentration curve, illustrating the proportion of products accounted for by leading organi-
zations; and

e Startup level pricing visualization, illustrating observed heterogeneity in pricing classifications.

The visualizations complement the numerical indicators by making the structural patterns of concentration,
diversity, and metadata incompleteness more readily interpretable.

188 dline.info/jitr



Journal of Information Technology Review Volume 17 Number 4 November 2026

3.10 Interpretation and analytical boundaries
The study adopts a cautious interpretation strategy because of two major limitations: incomplete company-
product entity linkage and incomplete pricing metadata.

Consequently, the concentration and diversity results reflect the linked subset of the dataset, whereas the
pricing analysis is interpreted primarily as evidence of metadata availability and classification quality.

The findings are therefore not generalized directly to the complete global AI market. Instead, the study
provides a descriptive empirical characterization of the AI product ecosystem represented in the available
dataset and demonstrates how data completeness influences ecosystem level inference.

4. Dataset

This dataset presents a structured, multi-source compilation of the artificial intelligence (AI) landscape,
integrating information on startups, products, research, employment, and news. Designed to support
quantitative analysis and empirical research, it provides a comprehensive snapshot of the Al ecosystem as of
2026 and addresses the fragmentation of publicly available industry data.

4.1 Data Collection and Processing

Data were aggregated from publicly accessible web sources, with original URLs retained to ensure provenance
and traceability. The compilation followed a systematic data engineering pipeline encompassing data cleaning,
normalization, deduplication, and schema validation, resulting in a consistent and analyzable structure.

5. Results and Discussion

5.1 AI Product Pricing-Model Distribution

The analysis of the AI product ecosystem identified 3,027 product records in the product dataset. However,
the distribution of pricing models reveals a substantial limitation in pricing metadata availability. As presented
in Table 1, 2,958 products, corresponding to 97.72% of the complete product dataset, were classified as
OTHER/UNKNOWN. Only 60 products (1.98%) were explicitly identified as FREE, while nine products (0.30%)
were classified as PAID. No products were explicitly classified as FREEMIUM, SUBSCRIPTION, or OPEN SOURCE.
Consequently, only 69 of the 3,027 products, or 2.28%, had an explicitly identifiable pricing model.

Pricing-model analysis

Pricing model Products| Percentage
FREE 60 1.98%
FREEMIUM 0] 0.00%
PAID 9 0.30%
SUBSCRIPTION o] 0.00%
OPEN SOURCE 0] 0.00%
OTHER/UNKNOWN | 2,958 97.72%
Total 3,027 100%

Table 1. Pricing Model
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This distribution is important because the very large OTHER/UNKNOWN category should not be interpreted
as evidence that AI products predominantly operate without established pricing structures. Rather, it indicates
that pricing information was unavailable, incompletely represented, or not sufficiently standardized in the
underlying source data. The results therefore demonstrate a clear distinction between the observed pricing
distribution and the actual pricing strategies of Al products. While the observed data contain slightly more
FREE products than PAID products, the difference is too small and the amount of missing information too
large to support a substantive conclusion that free pricing dominates the AI product ecosystem.

The absence of FREEMIUM, SUBSCRIPTION, and OPEN SOURCE classifications is similarly more appropriately
interpreted as a limitation of the available metadata than as evidence that these business models are absent
from the AI product market. In particular, subscription based and freemium models are widely applicable to
digital and AI services, meaning that their complete absence from the classification strongly suggests that the
source taxonomy did not adequately capture these pricing arrangements. The pricing analysis should therefore
be understood primarily as an assessment of pricing information availability and classification, rather than as
a definitive measurement of AI industry pricing strategy.

Al Product Pricing-Model Distribution
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Pricing model

Figure 1. Pricing Distribution

Figure 1 visually represents the pricing distribution and makes the dominance of the OTHER/UNKNOWN
category immediately apparent. The large gap between the UNKNOWN category and all explicitly classified
categories shows that the main characteristic of the pricing data is not variation among pricing models but a
lack of sufficiently granular pricing information. The small FREE and PAID categories appear visually as minor
components of the overall product population. Thus, Figure 1 reinforces the conclusion that pricing based
comparisons should be interpreted cautiously and that future data collection should prioritise systematic

Table 3 provides the same pricing information in percentage form and confirms this pattern. FREE products
account for 1.982% of the dataset, PAID products for 0.297%, and OTHER/UNKNOWN products for 97.721%,
while FREEMIUM, SUBSCRIPTION, and OPEN SOURCE each account for 0%. The close correspondence between
the counts and percentages confirms the internal consistency of the pricing distribution. The result also
establishes that more than 97% of the product observations cannot currently be assigned to one of the
substantive pricing categories considered in the analysis.
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Pricing Model Interpretation

Pricing Products | Percentage
model

Free 60 1.98%
Freemium 0] o]

Paid 9 0.297%
Subscription 0 0

Open Source 0] 0]
Other/Unknown 2,058 97.72%

Table 3. Pricing Model Interpretation

5.2 Pricing-Model Differences Across Startups

The startup-level pricing analysis provides a more detailed view of the 42 product records with a startup or
company name. These 42 linked products were associated with 17 unique startups. Table 2 demonstrates
considerable descriptive variation in pricing classifications across these companies, although the small number
of observations per company prevents reliable statistical inference.

Among the 42 products with an identified startup, the distribution is:

Startup Products | Free | Paid Other/
Unknown

Google 12 2 0 10
OpenAl 6 1 2 3
Anthropic 3 1 o} 2
Stability Al 3 1 0 2
ByteDance 2 o 0 2
xAl 1 o 1
Runway 2 1 o 1
DeepSeek 2 2 o] 0
Kuaishou 2 1 0 1
Other identified 8 8 0 o]
Startups

Table 2. Pricing Model by Startup
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Google accounted for the most linked products, with 12. Of these, two were classified as FREE and ten as
OTHER/UNKNOWN. Thus, 83.33% of Google’s linked products had no explicit pricing classification, while
16.67% were identified as FREE. OpenAl was associated with six products: one FREE, two PAID, and three
OTHER/UNKNOWN. Consequently, OpenAlI had the broadest observed pricing variation among the major
companies represented in the table, with FREE, PAID, and UNKNOWN classifications all present.

Anthropic and Stability AI each contributed three linked products. In both cases, one product was classified
as FREE and two as OTHER/UNKNOWN. ByteDance contributed two products, both classified as OTHER/
UNKNOWN. xAI, Runway, and Kuaishou each contributed two products, with one FREE and one OTHER/
UNKNOWN. DeepSeek also contributed two products, both classified as FREE, giving it the highest observed
proportion of explicitly FREE products among companies with more than one linked product. The remaining
eight identified products, grouped as other identified startups, were classified as FREE.

The results therefore indicate descriptive differences in pricing classification across startups, but these
differences should not be interpreted as statistically established differences in business models. Several startups
have only one or two linked products, creating extremely small cell counts. Furthermore, the dominance of
the OTHER/UNKNOWN category means that the effective sample available for comparing explicit pricing
models is very small. Under these circumstances, a conventional chi-square test of startup by pricing model
would have substantial expected frequency problems. The absence of a formal inferential claim is therefore
methodologically appropriate.

Pricing Models Across Al Startups (=2 Linked Products)
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Figure 4. Pricing model by startup

Figure 4 complements Table 2 by visually displaying pricing classifications across startups. The figure shows
that Google has the most linked products, but most remain unclassified by pricing. OpenAl displays greater
pricing heterogeneity because its products include both FREE and PAID classifications alongside UNKNOWN
observations. DeepSeek provides a contrasting pattern because both linked products are classified as FREE.
Anthropic and Stability Al occupy intermediate positions, each having one FREE and two UNKNOWN products.
The visual pattern therefore supports the interpretation that startup level pricing heterogeneity exists in the
observed data, but incomplete classification strongly constrains it.

An additional observation concerns Midjourney. The results identify its single linked product as PAID. Because
only one product is represented for this company, this observation is useful descriptively but cannot be
generalized to the company’s broader product portfolio or used as evidence of a statistically meaningful
company level pricing strategy.
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5.3 Startup—Product Relationships

The startup—product relationship analysis reveals a substantial limitation in entity linkage but also identifies
a meaningful concentration pattern within the subset of products for which company information is available.
Of the 3,027 product records, only 42, or 1.39%, contain a populated startup/company name. Conversely,
2,985 records, representing 98.61% of the product dataset, do not have an identified startup association. This
means the startup-level results describe the linked product subset, not the full AI product population.

The 42 linked products correspond to 17 unique startups, averaging 2.47 linked products per identified
startup. This value indicates that, among products with company attribution, each identified startup is
associated with about 2.5 products on average. However, the mean masks a strongly unequal distribution.
Product representation is concentrated among a small number of companies rather than being evenly distributed
across the 17 startups.

As shown in the startup ranking, Google is the most prolific company in the linked dataset, with 12 products.
Google alone therefore accounts for 28.57% of all startup linked products. OpenAl follows with six products,
representing 14.29% of the linked product population. Anthropic and Stability AI each have three products,
while ByteDance, xAI, Runway, DeepSeek, and Kuaishou each have two products. The remaining ten-to-
seventeen ranked positions collectively include eight other identified startups, each with one product.

Top Al Companies by Number of Linked Products
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Stability Al
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XAl
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ByteDance
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Midjourney

0 2 4 6 8 10 12
Number of linked products

Table 2. Top startups

Figure 2 clearly illustrates this unequal distribution. Google has a substantially longer product count than the
other companies, followed by OpenAl, while the remaining companies form a much smaller group. The figure
therefore demonstrates that the linked AI product ecosystem is characterized by a long tailed distribution, in
which a limited number of companies account for a disproportionately large number of identified products
and many companies have only a single linked product.

5.4 Product Concentration

The concentration analysis further confirms the unequal distribution of products among startups. The four
largest companies Google, OpenAl, Anthropic, and Stability Al—collectively account for 24 of the 42 linked
products. Their combined share is therefore 57.14%. This means that more than half of all startup linked
products are associated with only four companies.

Concentration increases as more companies are included. The five largest startups account for 61.90% of
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linked products, while the ten largest startups account for 83.33%. Thus, the majority of the observed product
ecosystem is concentrated among a relatively small group of companies. The remaining startups collectively
account for only 16.67% of linked products. This pattern demonstrates that the ecosystem contains
considerable diversity in the number of participating companies, but product representation is highly uneven.
The Herfindahl Hirschman Index (HHI) quantifies this concentration. The startup level HHI is 0.1281, equivalent
to approximately 1,281 on the conventional 0—10,000 scale. This value is consistent with a moderately
concentrated distribution within the linked product subset. The HHI should nevertheless not be interpreted
as a measure of concentration across the entire AI product market because the calculation is based on only 42
products with identified startup associations.

The Gini coefficient provides a complementary measure of inequality in product representation and is
approximately 0.434. This value indicates a noticeable degree of inequality in how products are allocated
among startups. A perfectly equal distribution would yield a value of zero, while higher values indicate greater
inequality. The observed value therefore confirms that products are not evenly distributed across the 17
identified companies. Instead, companies such as Google and OpenAl account for far more products, while
startups are represented by only one product.

Cumulative Concentration of Linked Al Products
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Figure 3. Product Concentration

Figure 3 provides the cumulative concentration curve and visually interprets this inequality. The curve rises
relatively rapidly because a relatively small number of highly represented startups contribute a large pro-
portion of the linked products. The figure consequently reinforces the numerical finding that the product
ecosystem is concentrated rather than evenly distributed. In substantive terms, the ecosystem appears to
contain a combination of highly diversified product organizations and a much larger number of companies
represented by only a small number of products.

5.5 Product Ecosystem Diversity

Although the concentration measures demonstrate inequality, the diversity measures show that the ecosystem
is not restricted to a small number of companies. Seventeen unique startups are represented among the 42
linked products. The Shannon diversity index is 2.450, while the Simpson diversity measure is 0.872. These
values indicate a relatively diverse set of participating startups while also reflecting unequal product
contributions.

The apparent contrast between diversity and concentration is substantively important. A product ecosystem
can contain many participating companies without distributing products equally among them. That is precisely
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the pattern observed here. The 17 identified startups indicate a relatively broad range of organizational parti
cipation, whereas the concentration measures show that a small group of companies contributes a dispr-
oportionate share of the products.

The combination of the Shannon and Simpson measures with the HHI and Gini coefficient therefore provides
a more complete characterization than any single metric. Shannon diversity captures the variety of participating
startups, Simpson diversity reflects the probability that randomly selected products belong to different startups,
HHI emphasizes concentration, and the Gini coefficient captures inequality in product representation. Taken
together, the measures indicate an ecosystem that is organizationally diverse but product concentrated.

Figure 3 is particularly useful in explaining this relationship because it transforms the numerical concentration
results into a cumulative representation. The steep early rise in cumulative product share indicates that the
leading startups contribute disproportionately to the total number of linked products. The relatively flatter
portion associated with the remaining startups reflects the large number of companies contributing relatively
few products.

5.6 Startup-to-Product Relationship

The startup-to-product ratio provides a concise representation of the observed organizational structure.
Within the linked subset, 42 products are associated with 17 startups, for 2.47 products per startup, or about
one startup for every 2.47 products. This ratio best characterises the linked ecosystem because both the
numerator and denominator refer to observations with an established company association.

A second calculation would divide 3,027 total product records by 17 identified startups, yielding approximately
178.06 product records per identified startup. However, this value should not be interpreted as the actual
average product portfolio of the 17 companies. The calculation is statistically inappropriate because 2,985 of
the 3,027 products have no startup assignment. Consequently, attributing all 3,027 products to the 17
identified companies would artificially inflate the startup level product count. The meaningful ratio remains
2.47 linked products per identified startup.

The difference between the two ratios highlights the importance of entity completeness in ecosystem analysis.
The 1.39% linkage rate indicates that company-product relationships are sparsely represented in the available
product metadata. Therefore, the observed concentration among Google, OpenAl, Anthropic, Stability Al,
and other identified startups may accurately describe the linked portion of the dataset but cannot automatically
be generalized to the entire population of 3,027 products.

5.7 Source-Level Pricing Analysis

The source analysis reveals another important limitation. All 3,027 product records originate from a single
source, Al123Box. Because there is no meaningful source level variation, it is not possible to statistically
compare pricing distributions across different product directories or data sources.

This limitation is particularly relevant to the original objective of determining whether pricing models differ
by source. A source comparison requires at least two independent sources containing sufficiently large and
comparable product samples. The current dataset does not meet this requirement. Consequently, we cannot
draw a statistically defensible conclusion about source specific pricing preferences.

The single source structure also suggests that the observed pricing distribution may partly reflect the data
collection and categorization practices of Al123Box. The 97.72% OTHER/UNKNOWN rate may therefore
represent source specific metadata coverage rather than a characteristic of the wider AI product market.
Future research should incorporate multiple product directories, official company websites, software
marketplaces, and product documentation to improve cross source validity.
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5.8 Integrated Interpretation of the AI Product Ecosystem

Altogether, the results reveal two central characteristics of the observed AI product ecosystem: high
organizational concentration among linked products and substantial incompleteness of product metadata.
The concentration results show that four companies account for 57.14% of linked products, five companies
account for 61.90%, and ten companies account for 83.33%. Google is the dominant company in the linked
dataset, contributing 28.57% of linked products, followed by OpenAl with 14.29%. The HHI of approximately
1,281 and Gini coefficient of approximately 0.434 further demonstrate that product representation is unevenly
distributed.

At the same time, the ecosystem cannot be characterized as lacking diversity. Seventeen unique startups are
represented among the 42 linked products, with a Shannon diversity index of 2.450 and Simpson diversity of
0.872. These measures demonstrate that a range of companies participate in the observed ecosystem, but
their contributions differ substantially in scale. The resulting structure can therefore be characterized as
diverse in organizational participation but concentrated in product representation.

The pricing results reveal a different type of limitation. The fact that 2,958 of 3,027 products, or 97.72%, are
classified as OTHER/UNKNOWN means the dataset provides insufficient evidence to draw strong conclusions
about Al pricing strategies. Only 60 products are explicitly FREE and nine are explicitly PAID, while
FREEMIUM, SUBSCRIPTION, and OPEN SOURCE are absent from the classification. The most appropriate
interpretation is therefore that pricing metadata are severely incomplete rather than that these pricing models
are genuinely absent from the AI ecosystem.

The startup level results provide some evidence of pricing heterogeneity. OpenAl has FREE, PAID, and
UNKNOWN classifications; Google is dominated by UNKNOWN classifications with two FREE products; DeepSeek
has two FREE products; and several smaller companies have exclusively FREE classifications within the linked
records. However, these patterns remain descriptive because many startups have very few observations.
Consequently, treat them as evidence of observed variation in metadata classification, not as statistically
demonstrated differences in corporate pricing strategies.

The four figures collectively reinforce these conclusions. Figure 1 demonstrates the extreme dominance of the
OTHER/UNKNOWN pricing category. Figure 2 highlights Google’s leading position in terms of linked product
count and the sharp difference between the leading company and most other startups. Figure 3 demonstrates
the cumulative concentration of products among the leading companies, while Figure 4 illustrates the
heterogeneous but sparsely observed pricing classifications across startups. Together, the figures provide
complementary visual evidence for the numerical findings reported in Tables 1-3.

Overall, the analysis suggests that the dataset is much better suited to examining AI product company
concentration and ecosystem structure than to making definitive claims about AI product pricing strategies.
The principal empirical contribution of the present analysis is therefore the identification of an ecosystem that
combines broad organizational participation with substantial product concentration, while simultaneously
exhibiting significant limitations in pricing metadata and company-product entity linkage.

5.9 Implications for Data Quality and Future Analysis

The results identify two specific data quality priorities for future Al ecosystem research. First, pricing
information should be collected and normalized from primary product sources using a standardized taxonomy
capable of distinguishing FREE, FREEMIUM, PAID, SUBSCRIPTION, OPEN SOURCE, and other models. Second,
company product entity resolution should be substantially expanded because only 42 of the 3,027 product
records currently have an identifiable startup/company association.

Improving entity linkage would substantially strengthen the concentration, diversity, and startup-level
analyses. More identified company product relationships would allow more reliable estimation of product
portfolios, concentration indices, and company level pricing distributions. Similarly, incorporating multiple
independent product sources would enable genuine source level comparisons and reduce the possibility that
the observed pricing distribution is an artifact of a single directory.
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Accordingly, the present findings should be interpreted as a descriptive empirical characterization of the
observed and linked AI product ecosystem, rather than as a complete representation of the global AI product
market. Within that limitation, the results provide consistent evidence that product representation is
concentrated among a relatively small group of major AI companies, while the participating company base
remains comparatively diverse. The analysis also shows that incomplete pricing and entity metadata are
important methodological considerations that future Al ecosystem studies should explicitly address.

6. Discussion

6.1 Overview of the Findings

The findings empirically characterise the observed AI product ecosystem and reveal a structural pattern
defined by two simultaneous conditions: unequal product concentration among identified organisations and
substantial incompleteness in ecosystem metadata. These findings matter because they show that the analytical
value of Al ecosystem datasets depends not only on the number of available records but also on the completeness and
quality of the relationships and attributes within those records.

The analysis of 3,027 Al product records shows that the dataset contains substantial product level information.
However, two major limitations constrain the ability to draw broader ecosystem level conclusions. First, only
42 product records, representing 1.39% of the total product population, contain an identifiable startup or
company association. Second, 2,958 products, representing 97.72% of the dataset, are classified as OTHER/
UNKNOWN for pricing. These findings demonstrate that the principal challenge in the empirical analysis of
this ecosystem is not the absence of product records but the incompleteness of the metadata required to
connect products to organizations and commercial characteristics.The results therefore support an important
methodological distinction between dataset size and analytical completeness. A large collection of AI products
does not automatically provide sufficient information to analyze organizational structure, pricing strategies,
or market relationships. For ecosystem research, the availability of entity-level relationships is particularly
important because the ecosystem is defined not only by the presence of individual products but also by the
organizational and relational structures connecting those products.

6.2 Product Concentration and Organizational Structure

Within the linked subset of the dataset, product representation is concentrated among a relatively small
number of organizations. Four companies account for 57.14% of the 42 linked products, while the ten largest
companies account for 83.33%. Google represents the largest organization in the linked sample, followed by
OpenAl, with the remaining organizations contributing substantially smaller numbers of linked products.

The concentration measures reinforce this pattern. The HHI of approximately 1,281 indicates moderate
concentration within the linked subset, while the Gini coefficient of approximately 0.434 shows noticeable
inequality in product distribution across the 17 identified companies. Together, these measures indicate that
the observed organizational structure is not characterized by an equal distribution of products. Rather, a
relatively small number of companies account for a disproportionately large share of the available product-
company relationships.

This finding should nevertheless be interpreted carefully. The concentration measures do not represent the
concentration of the global AT product market. They represent concentration within the subset of products
for which an organizational relationship is available. Because more than 98% of product records lack an
identified startup association, the observed dominance of particular companies may partly reflect differences
in entity-linkage coverage rather than differences in actual product portfolios.

This distinction is central to interpreting the results. The analysis provides evidence of observed concentration
in the linked dataset, but it does not provide sufficient evidence to claim that the global AI product market is
concentrated to the same degree. The study therefore demonstrates the importance of explicitly defining the
empirical population to which concentration measures apply.
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6.3 The Coexistence of Organizational Diversity and Product Concentration

One of the most important findings is the apparent coexistence of organizational diversity and product
concentration. The linked dataset contains 17 unique startups, indicating that multiple organizations participate
in the observed ecosystem. The Shannon diversity index of 2.450 and Simpson diversity measure of 0.872
further indicate that the ecosystem includes a relatively broad range of organizational participants.

At the same time, the HHI and Gini coefficient show that product representation is unevenly distributed
among these organizations. Thus, diversity in organizational participation does not imply equality in product
representation. An ecosystem may include numerous participants while a relatively small number of orga-
nizations account for a large proportion of observable products.

This finding illustrates the value of combining concentration and diversity measures in ecosystem analysis. A
study relying only on the number of participating companies might conclude that the ecosystem is broadly
distributed. Conversely, an analysis based only on concentration might overlook the presence of a diverse
organizational base. Combining the two perspectives provides a more nuanced interpretation: the observed
Al product ecosystem is organizationally diverse but product concentrated.

This characterization also suggests that ecosystem diversity should not be interpreted solely in terms of the
number of organizations present. The relative contribution of those organizations must also be considered. In
this study, organizational variety and unequal product representation coexist, making the AI ecosystem
structurally heterogeneous rather than uniformly distributed.

6.4 Pricing Metadata as a Major Analytical Constraint

The pricing analysis reveals the most substantial data-quality limitation in the study. Only 69 of the 3,027
products have an explicitly identifiable FREE or PAID classification, while 97.72% of records fall within the
OTHER/UNKNOWN category. In addition, no products are classified as FREEMIUM, SUBSCRIPTION, or OPEN
SOURCE.

The findings should not be interpreted as evidence that these pricing models are absent from the AI product
ecosystem. Rather, the observed distribution indicates that the available data do not provide sufficiently
complete or standardized information to classify the pricing structures of most products.

This distinction between observed metadata and actual market characteristics is particularly important. A
dataset may accurately record the existence of thousands of AI products while failing to capture important
commercial attributes. In such circumstances, the absence of a classification is not equivalent to evidence of
the absence of the underlying phenomenon.

The pricing results therefore make a methodological contribution by demonstrating that missing metadata
should itself be treated as an empirical characteristic of ecosystem datasets. The 97.72% OTHER/UNKNOWN
classification is not simply a technical limitation to ignore or remove. It directly determines the types of
questions the dataset can and cannot answer. In the present case, the data can describe the availability of
pricing information but cannot support definitive conclusions regarding the actual prevalence of different Al
pricing strategies.

6.5 Startup-Level Pricing Variation

The startup-level analysis provides limited descriptive evidence of variation in observed pricing classifications.
OpenAl, for example, contains FREE, PAID, and OTHER/UNKNOWN product classifications. Google has the
most linked products, although most remain unclassified by pricing. DeepSeek is represented by two products
classified as FREE, while several other organizations exhibit combinations of FREE and OTHER/UNKNOWN
classifications.

These observations indicate heterogeneity in the available pricing metadata. However, they do not establish
statistically significant differences in corporate pricing strategies. The number of products associated with
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most companies is extremely small, and the dominance of missing pricing information substantially reduces
the effective sample available for comparison.

The absence of inferential statistical testing is therefore methodologically justified. Under such conditions,
conventional comparisons across organizations would be affected by small cell counts and highly uneven
category distributions. The findings should consequently be understood as descriptive patterns in the observed
metadata rather than evidence of systematic differences in organizational pricing strategies.

This result reinforces a broader point about ecosystem analytics: the availability of a categorical variable does
not necessarily mean it can support meaningful statistical comparison. Analytical decisions must consider
not only the existence of data fields but also category completeness, sample size, distributional balance, and
entity coverage.

6.6 Entity Linkage as a Critical Requirement for Ecosystem Mapping

The low rate of product company linkage is one of the study’s most important methodological findings. Only
42 of the 3,027 products contain an identifiable startup association. This limitation affects every analysis that
depends on organizational information, including product portfolios, concentration, diversity, and company-
level pricing comparisons.

The startup-to-product ratio of 2.47 products per identified startup meaningfully describes the linked subset
because both the number of products and the number of startups are based on established entity relationships.
By contrast, dividing all 3,027 product records by the 17 identified startups would produce an inflated and
substantively misleading estimate because most products cannot be attributed to any of these companies.

This result demonstrates that entity resolution is not merely a preprocessing activity but a substantive
component of ecosystem research. The ability to identify relationships among products and organizations
determines the extent to which structural characteristics of an ecosystem can be measured. Improving
company-product linkage would therefore potentially have a greater effect on the quality of future ecosystem
analysis than simply increasing the total number of product records.

6.7 Source Dependence and External Validity

The source-level analysis identifies a further limitation: all 3,027 product records originate from AI123Box.
As a result, the dataset lacks sufficient source level variation to compare pricing classifications or metadata
completeness across independent product directories.

This has implications for external validity. The observed pricing distribution may partly reflect the classification
practices, extraction procedures, or metadata coverage of the source rather than the broader structure of the
AT product market. Consequently, the extremely high proportion of OTHER/UNKNOWN observations may be
source specific.

The findings therefore demonstrate the importance of multi source ecosystem datasets. Incorporating product
information from multiple directories, official company websites, software marketplaces, and product
documentation would enable future research to evaluate whether observed patterns remain consistent across
sources. Such triangulation would also help distinguish genuine ecosystem characteristics from artifacts
associated with individual data collection systems.

6.8 Implications for Al Ecosystem Research
The study has several implications for future empirical research on Al ecosystems.

First, ecosystem analysis should distinguish clearly between product-level coverage and relational coverage.
Large numbers of product records provide a useful starting point, but ecosystem structure cannot be fully
understood without reliable information connecting products to organizations and other ecosystem entities.
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Second, concentration and diversity should be analyzed jointly. The present findings show that an ecosystem
can contain numerous organizations while product representation remains concentrated among a relatively
small number of participants. Combining HHI, Gini, Shannon, and Simpson measures provides a more complete
structural characterization.

Third, report and interpret missing metadata explicitly. Incomplete pricing information, for example, affects
the substantive conclusions that can be drawn from the data. Treating missingness as a methodological finding
improves transparency and prevents unsupported interpretations.

Finally, future AI ecosystem studies would benefit from standardized taxonomies for product characteristics
and improved entity-resolution procedures. These improvements would make it possible to conduct more
reliable analyses of organizational portfolios, market structure, pricing strategies, technology categories, and
relationships among ecosystem actors.

Overall, the findings suggest that current AI ecosystem datasets may be more effective for identifying broad
structural patterns than for making precise claims about commercial strategies. The present dataset is therefore
particularly useful for exploratory ecosystem characterization, while more complete metadata would be
required for robust market-level inference.

7. Conclusion

This study empirically examined the structure of an observed AI product ecosystem through the analysis of
3,027 product records and the subset of products for which identifiable organizational relationships were
available. The analysis focused on product concentration, organizational diversity, startup product relati-
onships, and pricing model metadata.

The findings reveal a dual structural pattern. On the one hand, the linked ecosystem is organizationally diverse,
with 17 identified startups represented among the available product-company relationships. The Shannon
diversity index of 2.450 and Simpson diversity measure of 0.872 indicate that the observed ecosystem includes
a relatively broad range of organizational participants. However, product representation is concentrated and
unequal. Four companies account for 57.14% of linked products, the ten largest companies account for 83.33%,
the HHI is approximately 1,281, and the Gini coefficient is approximately 0.434. Taken together, these findings
characterize the observed ecosystem as organizationally diverse but product concentrated.

The study also identifies metadata incompleteness as a major limitation and substantive finding. Only 1.39% of
product records contain an identifiable startup or company association, while 97.72% of products have
OTHER/UNKNOWN pricing classifications. Consequently, the dataset provides substantially stronger evidence
regarding the structure of the linked product ecosystem than regarding actual AI pricing strategies. The high
proportion of missing or unclassified pricing information means observed pricing patterns should be interpreted
as evidence of metadata limitations rather than definitive evidence of the commercial strategies of AI product
providers.

The study’s central contribution is therefore both methodological and empirical. The findings demonstrate
that ecosystem mapping requires careful distinction between the structure of the observed dataset and the
structure of the underlying market. Concentration indices, diversity measures, and descriptive distributions
can provide meaningful insights, but their interpretation depends fundamentally on the completeness of
entity relationships and metadata.

The study further demonstrates the value of combining complementary indicators of ecosystem structure.
Concentration measures alone would emphasize the dominance of a relatively small number of organizations,
whereas diversity measures alone would emphasize the presence of multiple participants. Their combined
interpretation reveals a more nuanced ecosystem structure in which broad organizational participation coexists
with unequal product representation.
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Several limitations should be acknowledged. The organizational analysis is based on only 42 linked products,
preventing the findings from being generalized directly to all 3,027 products or to the global Al market. The
pricing analysis is constrained by the overwhelming dominance of the OTHER/UNKNOWN category. In addition,
all product records originate from a single source, preventing cross source comparison and limiting external
validity.

Future research should therefore prioritize three developments. First, company product entity resolution
should be expanded to improve relational coverage across the product population. Second, pricing information
should be systematically collected and normalized using a standardized taxonomy that distinguishes among
free, freemium, paid, subscription, open source, and other pricing arrangements. Third, future ecosystem
datasets should integrate multiple independent sources to enable cross-source validation and reduce dependence
on the metadata practices of individual directories.

In conclusion, the study provides a descriptive empirical characterization of the available AI product ecosystem
and demonstrates that AI ecosystem structure cannot be assessed independently of data quality. The observed
ecosystem combines a relatively diverse set of organizations with substantial concentration in product
representation, while incomplete company and pricing metadata impose important limits on inference. These
findings highlight the need for more comprehensive entity linkage, standardized metadata, and multi-source
ecosystem mapping to support more robust future analyses of the rapidly evolving AI product landscape.
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