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Abstract

Artificial intelligence (Al) adoption is widely studied at the
organizational level, yet much E:ss is known about the speci-
fic algorithms organizations adopt and the reasons for these
choices. This study investigates Al adoption among resear-
ch-and-development (R&D) small and medium-sized enterp-
rises (SMEs) and start-ups in Turkiye through a proposed
expert-driven, learning-domain-based taxonomy comprising
28 algorithms grouped into seven Al families. Survey data
were collected from 36 organizations affiliated with the Is-
tanbul Chamber of Commerce. Reliability and validity were
established, and adoption was examined through descriptive
statistics and non-parametric Kruskal-Wallis and Mann-W-
hitney tests. At the algorithm level, Decision Trees, Neural
Networks, Multilayer Perceptron, and Linear Regression
were the most adopted, reflecting a preference for interpretab-
le, structurally familiar methods, whereas Deep Q-Network,
Policy Gradient, and Simultaneous Localization and Mapping
were the least adopted. At the family level, Unsupervised
Learning and Natural Language Processing ranked highest,
while Reinforcement Learning and Autonomous Behavior
recorded the lowest and most divergent adoption. Adoption
also varied by sector—Financial/FinTech and Engineering/
Defense showed the broadest portfolios and Healthcare and
Commerce/e-Commerce the narrowest—with statistically
significant cross-sector differences for Autonomous Behavior
and Unsupervised Learnini. Adoption range increased across
organizational stages, peaking at post-incubation. The fin-
dings extend the Technology-Organization-Environment fra-
mework with diffusion of innovation and dynamic capability
theory to the algorithm level and emphasize Al algorithms’
knowledge as a target for SMEs’ digital transformation.

Keywords: Artificial intelligence adoption, artificial intel-
ligence taxonomy, artificial intelligence family, artificial in-
telligence algorithms, technology-organization-environment
framework
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Oz

Yapay zekanin (YZ) kurumsal diizeyde benimsenmesi yaygin
olaraK incelenmis olsa da, firmalarin benimsedigi spesifik al-

oritmalar ve bu sec¢imlerin nedenleri hakkinda az bilgi bu-
unmaktadir. Bu ¢alisma, Tiirkiye'deki arastirma ve gelistirme
(AR-GE) kiiciik ve orta dlgekli isletmeler (KOBI'ler) ve yeni
kurulan sirketler arasinda YZ’ nin benimsenmesini, yedi YZ ai-
lesine gruplandirtlmis 28 algoritmadan olusan, uzman odakli,
ogrenme alani tabanli bir taksonomi Onerisi araciligiyla arag-
tirmaktadir. Anket verileri Istanbul Ticaret Odasi'na bagl 36
kurulustan toplanmistir. Giivenilirlik ve gecerlilik saglanmis
ve benimseme, tanimlayici istatistikler ve parametrik olmayan
Kruskal-Wallis ve Mann-Whitney testleri ile incelenmistir.
Algoritma diizeyinde, Karar Agaglari, Sinir Aglari, Cok Kat-
manl Algilayici ve Dogrusal Regresyon en ¢cok benimsenen
algoritmalar olup, yorumlanabilir ve yapisal olarak tanidik
yontemlere olan tercihi yansitmaktadir. Buna karsilik, Derin
Q-Ag, Politika Gradyan1 ve Eszamanli Konumlandirma ve
Haritalama en az benimsenen algoritmalar olmustur. Aile dii-
zeyinde, Denetimsiz Ogrenme ve Dogal Dil Isleme en yiiksek
siralarda yer alirken, Takviyeli Ogrenme ve Otonom Davranig
en diisiik ve en farkli benimseme oranlartyla sonuglanmistir.
Benimseme sektorlere gore de farklilik gostermektedir. Fi-
nans/FinTech ve Miihendislik/Savunma en genis benimseme
portfoyiinii icerirken, Saglik ve Ticaret/e-Ticaret en dar port-
foyili sunmaktadir. Otonom Davranig ve Denetimsiz Ogrenme
istatistiksel olarak sektorler arasi anlamli farkliliklar goster-
mektedir. Benimseme aralig1 organizasyonel agamalarda ar-
tarak kulucka sonrasi durumda zirveye ulasmistir. Bulgular,
Teknoloji-Organizasyon-Cevre ¢ercevesini, yenilik yayilimi
ve dinamik yetenek teorisiyle algoritma diizeyine getirmekte,
hedef olarak KOBI'lerin dijital doniisiimiinde yapay zeka algo-
ritma bilgisinin 6nemini ortaya koymaktadir.

Anahtar Kelimeler: Yapay zekanin benimsenmesi, yapay

zekanin taksonomisi, yapay zeka ailesi, yapay zeka algoritma-
lari, teknoloji-organizasyon-cevre ¢ergevesi
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Introduction

Artificial Intelligence (AI) has become a widely adopted technology across all different levels of life, with a range
of industrial, intellectual, and social applications (Dwivedi et al., 2021). Business practitioners are applying Al
tools individually, but organizations remain skeptical. It is predicted that Al will augment innovative solutions
and cognitive capabilities in both businesses and human life (Dwivedi et al., 2021). These developments indicate
that Al is creating a fast-changing competitive environment for small and medium enterprises (SMEs) that focus
on research and development (R&D) and start-ups. These organizations strive to align their processes with Al
capabilities while attempting to complete their digital transformation processes. However, Al adoption appears
to have different characteristics in research and development (R&D)-oriented SMEs and start-ups than in large
companies. In addition, the diffusion of Al is relatively low in SMEs and start-up organizations due to financial,
infrastructural, and human capital constraints (OECD, 2025).

Most of the research indicates that Al cannot be considered a standalone technology. It is a broad field and
comprises different technical clusters of algorithms with a range of categories that mimic human cognitive
capability, process data, and handle complex tasks (Chowdhury et al., 2023; Lu, 2019). The most commonly
considered categorizations are machine learning, deep learning, natural language processing, large language
models, ensemble models, and robotic and control systems (Nagahisarchoghaei et al., 2023).

Despite the growing body of research on Al adoption, prior studies have largely examined whether organizations
adopt Al treating it as a single, undifferentiated technology. Thus, the algorithm-level perspective remains
underdeveloped in the literature (AlSheibani et al., 2018; Chen, H. et al., 2021). R&D SMEs and start-ups
that embed Al through application programming interfaces (APIs) or off-the-shelf tools often lack visibility
into the specific algorithms powering those tools, which creates a black-box problem that undermines trust,
accountability, and strategic alignment (Dwivedi et al., 2021; Y. Liu & Wang, 2026). Furthermore, existing Al
taxonomies tend to operate at a conceptual or paradigm level, offering limited guidance for practitioners who
need to select, implement, and compare specific algorithms in applied settings (Dutta, 2025). Therefore, there
is a gap in the in-depth understanding of which Al taxonomies can be used to classify the algorithms adopted
by R&D SME:s and start-ups. Likewise, variation in adoption by sector and organizational stage, as well as the
patterns through the Technology-Organization-Environment (TOE) framework, Diffusion of Innovation (DOI)
theory, and Dynamic Capability Theory (DCT) perspectives, has received limited research attention in current
Al taxonomies.

To address these gaps, the study aims to investigate the research questions concerning adoption frequencies of
the Al algorithms and families included in the proposed taxonomy and examine the adoption patterns in different
organizational sectors and stages within the context of Turkish R&D SMEs and start-ups. The study adopts a
quantitative survey design grounded in an Al taxonomy comprising seven algorithm families, namely Supervised
Learning, Unsupervised Learning, Reinforcement Learning, Deep Learning, Natural Language Processing,
Ensemble Learning, and Autonomous Behavior. The survey questionnaire was developed, validated with Al
practitioners and academics, and administered to 36 professionals from R&D SMEs and start-ups. Organizational
stages were classified as R&D, pre-incubation, incubation, and post-incubation, in line with Mungila Hillemane
et al. (2019). Due to the small sample size, descriptive statistics and non-parametric analyses were applied.

The theoretical contribution of the research is to extend the TOE framework, DOI, and DCT to algorithm and
family-level analysis, moving beyond aggregate Al adoption measures to examine which specific algorithms
R&D SME:s and start-ups adopt. The study also provides an empirical foundation for the black-box concern in
the Al adoption literature by demonstrating that algorithm knowledge operates as an implicit selection criterion
among R&D SMEs and start-ups. Practically, the expert-driven learning-based Al taxonomy developed here offers
a structured instrument for entrepreneurs, accelerators, and policymakers to guide algorithm-level capability
building.

The remainder of the study presents the theoretical background in the next section. The following section outlines
the research methodology with the research questions. The next section includes data analysis results. The last
section covers the discussion, conclusion, and future research perspectives.
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Literature Review

The background of Al is complex because it is grounded in mathematical algorithms and models. Although the
outcomes are often appreciated, the complexity of Al models and algorithms often leads to skepticism regarding
their processes, operations, and functions. This uncertainty creates a black box perception around algorithmic
tasks (Long & Magerko, 2020), and detailed discussions were conducted in the literature review.

Al in R&D SMEs and Start-ups

Al enables the automation and augmentation of many tasks typically performed by human intelligence. In order
to perform these tasks, Al serves as a system that can accurately analyze data and learn from it to accomplish
specific objectives (AlSheibani et al., 2018; Ayinaddis, 2025). SMEs and start-ups have the ambition to gain these
Al capabilities to achieve their objectives. However, they have limited resources, knowledge gaps, infrastructure
constraints, and cultural challenges that distinguish them from large organizations (AlSheibani et al., 2018; Zebec
& Indihar Stemberger, 2020). Therefore, identifying specific algorithms and models behind Al is essential for
selecting solutions suited to R&D SMEs and start-ups.

The prior studies define Al as digital technologies that mimic or augment human cognitive capabilities to
perform complex, structured, or unstructured tasks autonomously or semi-autonomously (AlSheibani et al.,
2018; Ayinaddis, 2025; Y. Liu & Wang, 2026). Al is expected to improve decision-making and productivity by
enhancing cognitive performance, often conceptualized as an “intelligent agent” (Hansen et al., 2024; Mikalef et
al., 2022; Radhakrishnan & Chattopadhyay, 2020).

The implementation of Al fosters innovation, productivity, and resilience by playing a transformative role (OECD,
2025; Uren & Edwards, 2023). Accordingly, R&D-oriented SMEs and start-ups utilize Al to build strategic
capabilities and improve performance. Al supports data-driven decision-making and enhances functionalities,
which can lead to productivity gains. Furthermore, Al adoption also supports IT resource productivity (Chen, H.
et al., 2021; Hansen et al., 2024). Key characteristics of Al, like speed, scale, granularity, and learning, open up
significant opportunities for innovation (Zebec & Indihar Stemberger, 2020). The literature therefore suggests
that Al becomes a critical component in enabling R&D SMEs and start-ups to sense opportunities, seize them,
and transform themselves in a dynamic environment (Long & Magerko, 2020).

R&D SMEs and start-ups have a higher tendency to adopt Al technologies by utilizing Al APIs and off-the-
shelf Al models to overcome resource constraints (OECD, 2025). Utilizing Al APIs or off-the-shelf Al models
may increase adoption, but the output of these models or algorithms embedded in Al tools may not align with
organizations’ specific context. A major issue in implementing Al tools is whether their outputs can be trusted.
Therefore, the outputs of Al tools need to be checked constantly. Also, inaccurate information, harmful content,
and legal or copyright issues are important concerns when adopting off-the-shelf Al tools (Y. Liu & Wang, 2026).

Al Adoption from the Perspective of Diffusion of Innovation (DOI) and Dynamic Capability
Theory (DCT), and Technology-Organization-Environment (TOE) Framework

Theoretical perspectives provide a useful structure for understanding the complexity of Al adoption. In particular,
the TOE framework offers a multidimensional view of adoption, while DOI explains adoption through the
perceived characteristics of innovation.

The technological dimension of the TOE framework emphasizes the relative advantage of Al adoption if the
perceived result is better than existing operations and processes. When R&D SMEs and start-ups perceive clear
performance benefits, they are more likely to scale up Al implementation. Relative advantage promotes the
diffusion of Al across all sectors (AlSheibani et al., 2018; Chen, H. et al., 2021). Compatibility with existing
technological infrastructure and alignment with organizational values are strong predictors of Al adoption.
Technological readiness is another DOI-related dimension in which R&D SMEs and start-ups possess the
necessary [T infrastructure to align complex Al algorithms and models (AlSheibani et al., 2018; Ayinaddis, 2025;
Chen, H. et al., 2021).
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Internal organizational dynamics are also an enabler or deterrent factor for Al adoption. Top-level managers’
commitment to digital transformation is a key driver of Al adoption in R&D SMEs and start-ups (Ayinaddis,
2025; Chen, J. et al., 2025). Financial readiness for costly Al technologies is a major barrier for R&D SMEs and
start-ups. Financial constraints negatively affect the availability of employee skills and competencies (Ayinaddis,
2025; Mikalef et al., 2022). However, smaller organizations are more flexible and agile than larger ones. These
capabilities give R&D SMEs and start-ups an advantage in adopting and diffusing Al algorithms easily and
quickly (AlSheibani et al., 2018). Organizational size is therefore an important determinant of Al adoption.

Environmental factors also influence the direction of technological investment. Therefore, Al diffusion is affected
by external stakeholders’ positions on Al adoption as well. Competition among SMEs is often intense. This
creates pressure on SMEs to invest in new technologies, especially data-driven ones. A data-driven environment
generates large volumes of rich data. This large volume of rich data is the basis of big data for Al and creates
pressure for R&D SMEs and start-ups to adopt Al (AlSheibani et al., 2018; Ayinaddis, 2025; Chen, H. et al.,
2021). Ethical guidelines, data privacy laws, and security standards are also critical environmental factors shaping
the Al adoption strategies for R&D SMEs and start-ups (Chen, H. et al., 2021; Mikalef et al., 2022).

Dynamic capability theory explains the development of the ability to select, orchestrate, and leverage Al resources
(Mikalef & Gupta, 2021). From the perspective of DCT, understanding Al algorithms and models becomes a
critical capability for R&D SMESs and start-ups to select, implement, and transform Al resources effectively.
Thus, the main research question examines how the adoption frequency of Al algorithms in R&D SMEs and
start-ups can be interpreted through the TOE framework. The main objective of the study is to understand the
underlying logic of Al algorithms to clarify how organizations direct their Al-related resources.

Al Algorithms

The core components of Al systems are algorithms and models. Al algorithms are computational procedures
that enable machines to learn patterns from data (Fabregat-Hernandez et al., 2023). Al models are trained
computational structures resulting from applying these algorithms. However, the terms “algorithm” and “model”
are used interchangeably in the field. They represent distinct yet interconnected concepts. Together, they help to
explain how the fundamental notion of an Al system functions (Du-Harpur et al., 2020). The pervasive adoption of
Al technologies is driven by several factors. Increasing computational power, particularly by graphical processing
units (GPUs), advances the Al technological infrastructure. The exponential growth of datasets is another
key factor in operating effectively. In addition, theoretical improvements in machine learning methodologies
accelerate the development of Al technologies (Du-Harpur et al., 2020). These developments in Al systems
enable significant performance enhancements across a wide range of applications, tasks, and domains (Chen, J.
et al., 2025; Mikalef & Gupta, 2021; Zebec & Indihar gtemberger, 2020).

Algorithms are characterized as automated, highly flexible, and computationally intensive approaches compared
with traditional statistical methods (Mikalef & Gupta, 2021). Three key characteristics help to identify algorithms.
The first is learning rules, adjusting weights, or model parameters. The second is that algorithms learn from data
to make predictions or decisions in every possible scenario. The last is to recognize and extract patterns from
datasets (OECD, 2025; Eckhardt et al., 2023; Mikalef & Gupta, 2021). The algorithm defines how learning
occurs, whereas the models represent what has been learned through that process. In practical terms, practitioners
and researchers choose algorithms based on the nature of their problems and the characteristics of the data. That
algorithm is then applied to training data, resulting in a model with specific learned parameters. Later, this model
can be deployed to make predictions on new data (Fabregat-Hernandez et al., 2023; Long & Magerko, 2020).

Understanding AI algorithms

R&D SMEs and start-ups need to move beyond Al adoption towards Al capability. From a DCT perspective,
Al capability enables organizations to select, orchestrate, and leverage Al-specific resources, whereas adoption
alone does not provide a sufficient basis for managing the necessary resources to transform organizational value.
Therefore, the transition from Al adoption towards Al capability requires synchronization and planning with a
top-down approach (Mikalef et al., 2022).
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There is always a challenge in identifying what data needs to be captured, used, and trained for specific algorithms
within a given domain. Algorithm knowledge is critical for overcoming these challenges because it helps to
recognize the need for good-quality data to train Al models (Dwivedi et al., 2021). Understanding the underlying
algorithm strengthens both Al adoption and Al capability by allowing businesses to match solutions to their
specific needs (Hossain et al., 2022). Cognitive and knowledge-based Al capability can turn small organizations
into Al explorers and champions (OECD, 2025). Reliance on well-known algorithms due to existing computational
infrastructure leads organizations to disregard niche algorithms. Distinguishing between commonly used and
less implemented algorithms creates a competitive edge by enabling R&D SMEs and start-ups to explore niche
models (Dwivedi et al., 2021). One of the objectives of this research is to analyze and compare the adoption of
Al algorithms among R&D SMEs and start-ups to distinguish these differences.

The data required for R&D SMEs and start-ups to train their own Al systems is likely to increase internal data
management capacity and security risks. Greater exposure to digital security risks increases the need to understand
Al algorithms and train them securely (Y. Liu & Wang, 2026). From a DOI perspective, this approach can lead to
innovative solutions and help differentiate R&D SMEs and start-ups from their competitors.

Al systems function like a black box, making it difficult to understand the reasons behind their results. Al
algorithms can develop biases from training data, which may lead to harmful, unconventional, and unethical
outputs. The systems that learn autonomously can have unpredictable consequences as well. The key step toward
opening the black box and addressing this lack of explainability is to understand Al algorithms (Dwivedi et al.,
2021). Therefore, this study focuses on the level of Al algorithm knowledge among R&D SMEs and start-ups,
together with their adoption frequencies, in order to investigate the adoption pattern across different business
domains and organizational stages to open the black box.

Al algorithm taxonomy

Capabilities, functionalities, techniques, deployment environment, purpose, and application domains are
common dimensions used in Al taxonomy design (Dutta, 2025). The Al taxonomy explicitly relates algorithms
to paradigms, mathematical foundations, and typical use cases described in prior literature (Alekseev & Strobel,
2026; Dutta, 2025; Gill et al., 2025; Raiaan et al., 2024; Talbi, 2020; Wu et al., 2023). Another approach to Al
taxonomy is to classify Al according to its constituent algorithms. Gama and Brazdil (1995) characterize a broad
set of algorithms used for classification. Their framework implicitly partitions algorithms into families (J. Gama
& Brazdil, 1995). In this study, the Al taxonomy was designed around technical dimensions in order to better
understand R&D SMEs and start-ups’ approach to Al adoption. The study’s Al taxonomy is more closely aligned
with the partitioning algorithm framework proposed by Gama and Brazdil (1995) and reflects a technically based,
practically oriented engineering approach (Dutta, 2025) which supports the objective of this research.

The main aim of the proposed Al taxonomy is to provide a concise map of Al algorithms, categorized by training
paradigm and supporting techniques, in order to analyze adoption among R&D SMEs and start-ups. Many
taxonomies are at the conceptual or paradigm level. This taxonomy was designed at the algorithm level. Linking
algorithm-level awareness to the application domains, the taxonomy gives practitioners a broader understanding
of which Al algorithm families are relevant for implementation. The study’s Al taxonomy was developed through
an expert-driven approach, supported by theoretical perspectives from the literature and focused on the learning
paradigm (Alekseev & Strobel, 2026; Dutta, 2025; J. Gama & Brazdil, 1995; Gill et al., 2025; Talbi, 2020).
Consultation with three Al practitioners from academia and industry during the taxonomy design process helped
strengthen both its theoretical ground and practical relevance, resulting in an expert-driven perspective for
applied needs. The taxonomy also helps explain how R&D SMEs and start-ups implement algorithms and how
these adoption patterns can be interpreted through the TOE framework together with DOI and DCT. The resulting
expert-driven learning-domain-based taxonomy is presented in Table 1.
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Table 1

Expert-Driven Learning-Domain-Based Taxonomy

Supervised Unsupervised Reinforcement D . Natural Ensemble  Autonomous
. . . eep Learning  Language . .
Learning Learning Learning . Learning Behavior
Processing
. . Simultaneous
Linear . k-Meaqs Q-Learning Neural Network ~ Word Embeddings Boosting- Localization
Regression Clustering AdaBoost )
and Mapping
- Deep . Biodirectional
]ﬁggii:tslscion Autoencoders ggﬁ:eﬁlggggrk Encoder Stacking Kalman Filter
& Q-Network Representations
Support Policy Gradient Recurrent Neural Genera‘qve M0d§1 .
Vector Methods Network Pre-Trained Predictive
Machines Transformers Control
Naive Baves Graph Neural Robotic Process
Y Network Automation
Decision Transformer
Trees Models
Bayesian Multilayer
Networks Perceptron
Random Generatl\{e
Forest Adversarial
Network

Supervised learning (SL): Supervised learning is a method that learns by mapping inputs to an output. Training
data are labeled, meaning that the correct output is already known for each example. These labeled examples are
used to train a model to predict or classify outcomes for new data as accurately as possible (Jiang et al., 2020).

The method is applied to historical data with input features and known outcomes in order to predict new cases.
Typical applications include predicting continuous quantities, such as future sales or disease risk scores, and
classifying cases (Jiang et al., 2020; Valkenborg et al., 2023). The algorithms that are listed under supervised
learning are all trained on labeled data. Their objective is to learn a function that predicts targets for new examples
with minimal error in regression tasks or maximum accuracy in classification (Jiang et al., 2020; Mohri et al.,
2018).

Unsupervised learning (UL): Unsupervised learning analyzes unlabeled data to discover patterns, structures, or
groupings without access to target outputs (Abukmeil et al., 2022). The purpose of unsupervised learning methods
is to uncover data distributions, learn underlying structures, remove redundancies, and reduce dimensionality in
high-dimensional datasets (Abukmeil et al., 2022; Eckhardt et al., 2023). Common applications of unsupervised
learning include clustering, dimensionality reduction, anomaly detection, and exploratory data analysis (Abukmeil
et al., 2022; Mohri et al., 2018). The algorithms in this category operate on unlabeled datasets and optimize
internal objectives. Thus, these algorithms are classified under the unsupervised learning category in the study’s
Al taxonomy.

Reinforcement learning (RL): Reinforcement learning is a paradigm in which autonomous agents learn to make
sequential decisions by interacting with an environment. These agents learn through trial-and-error interactions
and receive rewards or penalties based on their actions. The primary objective is to develop an optimal behavioral
strategy. Reinforcement learning is a framework that is modeled as a Markov Decision Process (MDP) (Y. T.
Liu et al., 2020; Shakya et al., 2023). RL is typically applied in domains where sequential decision-making is
too complex or costly to handle with conventional approaches, such as gaming, healthcare, finance, and energy
management (Shakya et al., 2023). All methods classified under the RL family learn behavioral strategies directly
from interaction experience (Shakya et al., 2023).

Deep learning (DL): Deep learning (DL) is a computational model composed of multiple layers that gradually
extract higher-level features from raw input data (Gheisari et al., 2023). The term “Deep” refers to the number of
processing layers through which data passes, which allows DL methods to learn complex concepts by building
them from simple ones. This layered structure makes DL particularly well suited to processing large volumes of
unstructured data (Ahmed et al., 2023).
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The algorithms within the DL family rely on a layered network architecture. Feature representations are learned
automatically from data through multiple levels of abstraction. This learning process depends on non-linear
transformations and backpropagation (Ahmed et al., 2023; Rana et al., 2018).

Natural language processing (NLP): NLP handles language by analyzing, understanding, and generating language
in a human-like manner. These techniques enable the processing of textual data. NLP usually requires text for raw
input. Words and documents are represented as numeric vectors that preserve semantic and syntactic information
(Raiaan et al., 2024; Wadud et al., 2022). Large language models (LLMs) are advanced NLP models. LLMs
are based on billions of parameters and are trained on a large collection of unlabeled text using self-supervised
objectives (Raiaan et al., 2024; Shao et al., 2024). Therefore, NLP is used to convert textual or linguistic data into
structured information or to support decision-making (Raiaan et al., 2024; Shao et al., 2024).

The algorithms within the NLP family share common characteristics. They all depend on large amounts of
unlabeled text. These algorithms are language representation models that organize text into numerical vectors
and optimize language-model objectives (Devlin et al., 2019; Raiaan et al., 2024; Shao et al., 2024).

Ensemble learning (EL): Ensemble learning (EL) approaches aggregate two or more learners for training, then
combine their predictions with a predefined rule to produce a single result. This method cancels out individual
errors (Mienye & Sun, 2022). EL is usually implemented when a single model cannot simultaneously achieve low
bias and low variance. When data is noisy, high-dimensional, or imbalanced, EL is the preferred method (Mienye
& Sun, 2022). AdaBoost is a sequential ensemble, while stacking is a parallel ensemble. Both algorithms produce
the best outputs for reducing bias and variance (Mienye & Sun, 2022; Schapire, 2013).

Autonomous behavior (AB): Autonomy is defined as the capability of a system to perform intended behaviors,
tasks, and processes based on its current state and sensing without human intervention (Prestes et al., 2013).
Fully autonomous behavior adapts itself to operational and environmental conditions to complete specific tasks.
Agents performing these tasks have the cognitive capacity to decide independently and instantaneously (Fiorini
etal., 2015; Prestes et al., 2013). Sensing, state estimation, planning, decision-making, and task execution are the
behaviors through which these algorithms operate to achieve non-human cognitive capacity (Aydiner et al., 2023;
Bai et al., 2023; Ding et al., 2018; Pramod, 2022).

Al Algorithms Taxonomy-Based Adoption Approach

The diffusion of Al algorithms, with their varying capabilities, creates distinct adoption patterns among R&D
SMEs and start-ups. The expert-driven learning-domain-based taxonomy developed in this study provides a
framework for understanding which algorithms are frequently adopted and implemented across different
organizational sectors and stages.

Accordingly, the study addresses the following research questions:
Q1: Which Al algorithms are most frequently adopted by R&D SMEs and start-ups?

Q2: Which Al algorithm families are most frequently adopted across different organizational sectors among R&D
SMEs and start-ups?

Q3: Which AT algorithm families are most frequently adopted across different organizational stages among R&D
SMEs and start-ups?

This research aims to identify Al algorithms’ adoption patterns among R&D SMEs and start-ups in order to
understand innovation diffusion and the enhancement of dynamic capabilities.
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Research Methodology

Survey Settings

The study adopts a quantitative research design based on survey methodology, with guidance from prior literature
(Dillman, 2007). The survey questionnaire was developed using a 5-point Likert scale in the English language.
Since the research aimed to target Turkish R&D SMEs and start-ups, the survey was subsequently translated
into the Turkish language to facilitate participation among Turkish-speaking respondents. The survey was then
backtranslated into English in order to ensure linguistic accuracy and integrity. Both Turkish- and English-
language experts evaluated the questionnaire. The final version of the survey was approved, as the back-translated
version did not reveal any major semantic differences or contradictions.

The survey instrument was prepared through a multi-stage process. The existing literature helped to include Al
algorithm families and their member algorithms in the development of an initial Al taxonomy proposal (Dutta,
2025; F. Gama & Magistretti, 2025; J. Gama & Brazdil, 1995). The questionnaire also captured participants’
sector affiliations and organizational stages, which were classified as research and development (R&D), pre-
incubation, incubation, and post-incubation, in line with the study by Mungila Hillemane et al. (2019).

The content validity of the survey measurement was established systematically, as suggested by Hair et al. (2007).
First, in-depth interviews were conducted with Al practitioners, developers, and managers working in R&D
SMEs and start-ups in order to validate the proposed Al taxonomy. Subsequently, the questionnaire was revised
according to the feedback received from the subject-matter experts. Additional feedback was received from three
academics who are in the field of Al and Management Information Systems. Consequently, the final version of
the survey was developed and consisted of 32 questions.

Before data collection began, ethical approval was obtained from the Social Science Ethics Committee of
Istanbul Medeniyet University. All procedures adhered to the ethical standards that the committee required.
Informed consent was prepared at the beginning of the survey, which included information on data confidentiality
and voluntary participation. The survey was prepared using a digital application called SurveyMonkey and
disseminated through e-mails and LinkedIn accounts to the relevant audience.

Study Sample and Data Collection

The study relies on a non-probability convenience sample of professionals actively engaged in Al-related roles,
such as Al developers, managers, and practitioners (Etikan et al., 2016). Participants were selected based on
direct involvement with Al systems within R&D SMEs and start-ups at the pre-incubation, incubation, and post-
incubation stages, all of which operate in Turkiye and are members of the Istanbul Chamber of Commerce. The
content of the study requires advanced knowledge of Al technologies and the capability to adopt them; thus, the
volume of participants from entrepreneurial and R&D companies was limited, despite the use of the LinkedIn
application. A total of 38 R&D SMEs and start-ups were contacted. During the data pre-processing stage, two
respondent companies were eliminated due to a lack of information. The final number of valid responses was 36.
The sample should be understood as context-specific to Istanbul-based R&D SMEs and start-ups rather than as
representative of the broader population of Turkish R&D SMEs, and self-selection of Al-engaged respondents
cannot be ruled out.

Data Analysis and Results

Due to the small sample size constraint (N=36), descriptive statistics and non-parametric analyses were performed
throughout the research using Python coding with Pandas and NumPy packages. Descriptive statistics provided
the median and interquartile range (IQR) to measure central tendency and dispersion for ordinal data (Revelle &
Condon, 2019). Sample characteristics of the data were calculated to show the distribution of participants (Table
2), roles (Table 3), organizational stages (Table 4), and whether the participants are established in a Technopark
(Table 5). Given the limited and geographically concentrated convenience sample, the findings reported below
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are not statistically generalizable to the broader population of Turkish R&D SMEs and start-ups. They provide
preliminary, context-specific insights into Al taxonomy adoption within this setting. Although 36 of 38 contacted
organizations responded (94.7%), the small contact frame means the high response rate does not offset potential
coverage and self-selection biases.

Table 2
Distribution of Participants by Sector

SECTOR N Percentage (%) Cumulative (%)
Commerce/E-Commerce 3 8.3% 8.3%
Engineering/Defense 6 16.7% 25.0%
Financial/Fintech 5 13.9% 38.9%
Healthcare 2 5.6% 44.4%
IT/Software 14 38.9% 83.3%
Service 6 16.7% 100%
Total 36 100%

Table 3

Distribution of Participants by Role
ROLES N Percentage (%) Cumulative (%)
Entrepreneur 18 50.0% 50.0%
Executive Manager 3 8.3% 58.3%
Operational Manager 11 30.6% 88.9%
Others 4 11.1% 100%
Total 36 100%

Table 4

Distribution of Participants by Organizational Stages
STAGES N % Cumulative N Cumulative (%)
R&D 24 66.7% 24 66.7%
Pre-Incubation 4 11.1% 28 77.8%
Incubation 5 13.9% 33 91.7%
Post-Incubation 3 8.3% 36 100.0%
Total 36 100%

Table 5

Distribution of Participants by Technopark
TECHNOPARK N Percentage (%) Cumulative (%)
No 26 72.2% 72.2%
Yes 10 27.8% 100.0%
Total 36 100%

Note: Technopark status refers to whether the SMEs/start-ups are registered within a technology park.
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Reliability and Validity

The reliability coefficient, which is Cronbach’s alpha, was measured for each Al family in the taxonomy to assess
the study’s reliability. Six of the seven Al families’ Cronbach’s alpha exceeded the conventional threshold of o
>0.70 (Nunnally, 1978). When the number of items was limited, and the Cronbach’s alpha value fell below the
threshold, McDonald’s omega was checked for the reliability of the measurement. The Unsupervised Learning
(UNSL) family fell marginally below it (a = 0.67), an expected artifact of its two-item composition, because
alpha is a lower-bound estimate that assumes tau-equivalence and is downward-biased for short scales (Cortina,
1993). McDonald’s omega, which relaxes the tau-equivalence assumption and is therefore the preferred reliability
estimator irrespective of scale length (Hayes & Coutts, 2020), exceeded 0.80 for every family (o = 0.85-0.94),
indicating good reliability (McDonald, 2011). The acceptable threshold value for alpha redundancy was chosen
as 0.95 (Tavakol & Dennick, 2011), thus no potential redundancy risk was found. Composite reliability (CR) and
average variance extracted (AVE) are additionally reported in Table 6 for exploratory reference only. Both indices
are functions of standardized factor loadings, and loading estimates are unstable at small sample sizes (Hair et al.,
2019; MacCallum et al., 1999). With N = 36, the present sample does not meet these conditions, so CR and AVE
values, although all exceeded the conventional benchmarks of CR > 0.70 and AVE > 0.50 (Fornell & Larcker,
1981), must not be read as confirmatory evidence of convergent validity. They are retained for transparency and
as preliminary benchmarks, noting that factor-analytic estimates from small samples can be informative when
communalities are high and the structure is simple (de Winter et al., 2009), and that ® and CR coincide under the
congeneric model estimated here (Cho, 2016), as reflected in Table 6. Consequently, this study is positioned as
an exploratory study of the proposed taxonomy.

Table 6

Reliability and Descriptive Measurements of Al Taxonomy

Cronbach’s

TAXONOMY FAMILY K N Median IQR Mean SD ® CR  AVE
Supervised Learning (SL) 736 2643 103 2611 1030 0.9047 0.9244 09244  0.6381
%‘;“Spf)” ised Learning 2 36 3 1197 2.875 1.197  0.6697 0.8677 0.8677  0.7663
Reinforcement Learning (RL) 3 36 2 1.197 2167 1.197 0.8952 0.9406  0.9406  0.841

Deep Learning (DL) 7 36 2857 1003 2786 1003 0.8568 0.8863  0.8863  0.5294
i‘ﬁg;‘l Language Processing 3 35 95833 y5 2750 1150 07542 0.8582  0.8582  0.6691
Ensemble Learning (EL) 2 36 25 1259 2500 1259  0.8293 09354 09354  0.8786
Autonomous Behavior (AB) 4 36 2.125 0984 2167 0984 0.7627 0.8517 08517  0.5955

Notes: K = number of constituent algorithms per family, IQR = Interquartile range, SD = Standard deviation, ® = McDonald’s omega, CR =
Composite reliability, AVE = Average variance extracted.

Al Algorithms and Families’ Adoption Frequencies

One of the study’s research questions is to understand the most commonly adopted algorithms in R&D SMEs
and start-up organizations. Hence, a descriptive frequency analysis of the adoption of 28 algorithms across seven
algorithm families was conducted based on the responses from 36 participants. The original data collected on a
five-point Likert scale were recoded into a binary variable (original value 1 = Not Adopted, coded as 0; original
values 2 to 5 coded as 1 = Adopted). Because the algorithm families contain unequal numbers of items, naive
pooled frequency ratios would generate a bias that inflates the apparent adoption of larger families. This bias was
corrected by calculating the proportion of algorithms within a family that were used (p; = used algorithms / K =
number of items in a family) and then averaging these proportions across respondents (Crocker & Algina, 1986;
DeVellis & Thorpe, 2022).
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Algorithm-level adoption frequency

Algorithm-level adoption frequency analysis indicated that the most adopted algorithm was Decision Trees (f =
31; 86.11%), consistent with their long-established interpretability and accessibility (Breiman, 2001; Hastie et
al., 2009), which explains the development of decision-making applications with non-linear relationships (Jiang
et al., 2020). Neural Networks (f = 30; 83.33%) and Multilayer Perceptron (MLP) (f = 29; 80.56%) ranked
second and third, reflecting that foundational Deep Learning architectures are commonly adopted by R&D SMEs
and start-ups. Linear Regression (f=29; 80.56%) tied for third, underscoring the enduring relevance of classical
statistical methods in Al-adjacent practices. These are the top four adopted algorithms that are implemented by
R&D SMEs and start-up organizations.

Analysis revealed that GPT, Word2Vec, and Autoencoders were at the same level of adoption (f = 28; 77.78%),
indicating broad adoption of both generative and representational approaches. Transformer Models, Recurrent
Neural Networks, and Convolutional Neural Networks were at the same adoption frequency and in the same
family, which is Deep Learning (f = 27; 75.00%). This showed that unstructured, high-volume data plays a
role in the adoption of these algorithms for the respective organizations. Graph Neural Networks and k-Means
Clustering displayed the same adoption frequency, although they belong to different families, namely Deep
Learning and Unsupervised Learning (f = 26; 72.22%). A group of algorithms (Boosting, BERT, Stacking, SVM,
Random Forest - f = 25; 69.44%) stands at the same level of adoption and seems less popular to implement.
Logistic Regression is one of the least adopted classical algorithms (f = 24; 66.67%), as the dichotomous type of
approach is less common among the participating organizations. The number of adoptions decreased for Naive
Bayes, Bayesian Networks, Q-Learning, and Kalman Filter (f=22; 61.11%) algorithms, most of which are in the
Deep Learning family, as well as Reinforcement Learning and Autonomous Behavior families. Robotic Process
Automation (RPA) (f = 20; 55.56%), Generative Adversarial Networks (GAN), and Model Predictive Control
(MPC) (f=19; 52.78%) adoptions were at a low level; however, their frequencies were still above the average.
Thus, these algorithms are also practically considered for R&D SMEs and start-ups’ developed applications
and products. Algorithms with adoption rates between 50.00% and 80.56% were at the mid-level of interest for
R&D and start-up organizations. The analysis suggests that organizations adopt these algorithms occasionally,
as needed.

The least adopted algorithms, with frequencies below 19, are Deep Q-Network and Policy Gradient (f = 18;
50.00%), and Simultaneous Localization and Mapping (SLAM) (f = 17; 47.22%). All frequency details of each
algorithm are shown in Table 7.

Table 7
Al Algorithm and Families” Adoption Frequencies

f Not Adopted Not
RANK ALGORITHM FAMILY N  fAdopted Adopted
Adopted (%)
(%)
Decision Trees Supervised Learning 36 31 5 86.11% 13.89%
2 Neural Networks Deep Learning 36 30 6 83.33% 16.67%
3 ?ﬁlg')myer Perceptron  poon T carning 36 29 7 80.56%  19.44%
4 Linear Regression Supervised Learning 36 29 7 80.56% 19.44%
Generative Pre-Trained o o
5 Transformer (GPT) NLP/LLM 36 28 8 71.78% 22.22%
6 Word2Vec NLP/LLM 36 28 8 71.78% 22.22%
7 Autoencoders E:;‘;ﬁfgmd 36 28 8 77.78%  22.22%
8 Transformer Models Deep Learning 36 27 9 75.00% 25.00%
9 Recurrent Neural Networks 1y 1 o ming 36 27 9 75.00%  25.00%

(RNN)
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Convolutional Neural

1 0, 0,
10 Networks (CNN) Deep Learning 36 27 9 75.00% 25.00%
1 %;p;‘)Ne“ral Networks 1y Learning 36 26 10 2.20%  27.78%
12 k-Means Clustering E:;r‘;ﬁfg‘sed 3626 10 72.22%  27.78%
13 Boosting (AdaBoost) Ensemble Learning 36 25 11 69.44% 30.56%
Bidirectional Encoder o o
14 Representation (BERT) NLP/LLM 36 25 11 69.44% 30.56%
15 Stacking Ensemble Learning 36 25 11 69.44% 30.56%
16 (Sél{’jﬁj[’;t Vector Machines g o iced Learning 36 25 11 69.44%  30.56%
17 Random Forest Supervised Learning 36 25 11 69.44% 30.56%
18 Logistic Regression Supervised Learning 36 24 12 66.67% 33.33%
19 Naive Bayes Supervised Learning 36 22 14 61.11% 38.89%
20 Bayesian Networks Supervised Learning 36 22 14 61.11% 38.89%
21 Q-Learning ﬁgﬁcgmem 36 22 14 61.11%  38.89%
2 Kalman Filter g:ﬁzrvlioé?"us 36 22 14 61.11%  38.89%
Robotic Process Automation Autonomous o N
23 (RPA) Behavior 36 20 16 55.56% 44.44%
24 Generative Adversarial - o 1 eamin 3619 17 5278%  47.22%
Networks (GAN) P & e e
Model Predictive Control Autonomous o N
25 (MPC) Behavior 36 19 17 52.78% 47.22%
26 Deep Q-Network E::;i‘i’;‘;emem 36 18 18 50.00%  50.00%
27 Policy Gradient }f::i‘i’;f;mem 36 18 18 50.00%  50.00%
Simultaneous Localization ~ Autonomous o o
28 and Mapping (SLAM) Behavior 36 17 19 47.22% 52.78%

Note: f Adopted = absolute frequency of Adopted (1) responses; f Not Adopted = absolute frequency of Not Adopted (0) responses.

Family-level adoption frequency

Family-level adoption frequency is another approach for organizations to assess their DOI technological readiness.
Unsupervised Learning (Mean % = 75.00%; Median % = 100%; Standard Deviation - SD % = 38.73%) and NLP
(Mean % = 75.00%; Median % = 100%; SD % = 35.97%) jointly ranked highest in adoption. Despite both families
having high mean adoption rates, their standard deviations revealed that a significant minority of respondents did
not engage with either family. Specifically, 16.67% of respondents used no Unsupervised Learning algorithms,
and 11.11% used no NLP algorithms. The high medians (100%) indicate that most respondents used all algorithms
within these families, leading to a divergent distribution.

Deep Learning adoption placed third (Mean % = 73.41%; Median % = 85.71%; SD % = 33.66%) and exhibited
the lowest standard deviation of all families, indicating a relatively consistent adoption range across respondents.
Notably, 47.22% of respondents used some but not all Deep Learning algorithms, suggesting that R&D SMEs
and start-ups are selective within this large family when adopting. Supervised Learning (Mean % = 70.63%;
Median % = 85.71%; SD % = 36.29%) showed a similarly broad partial adoption pattern, with 47.22% of
respondents in the category.

Ensemble Learning (Mean % = 69.44%; SD % = 45.16%) presented the most differentiated distribution of any
family, with 94.4% of respondents using either none (27.78%) or all (66.67%) of its two algorithms, and only
5.56% at the intermediate level.

Autonomous Behavior (Mean % = 54.17%; SD % = 39.42%) and Reinforcement Learning (Mean % = 53.70%;
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SD % = 45.97%) recorded the lowest adoption rates. Reinforcement Learning had the highest family-level SD
(45.97%) and the largest proportion of complete non-adopters (36.11%), indicating that this family is characterized
by a sharp specialist/non-specialist divide: 44.44% of respondents adopted all three RL algorithms, while 36.11%
adopted none. All the detailed rankings for Al family-level adoption are shown in Table 8.

Table 8
Al Family-Level Adoption Frequencies

Mean Median fAdopted fAdopted fAdopted
Adopted 0 opte opte opte
RANK FAMILY K N  Adopted p SD(%)  None(%) Some (%) All (%)
(%) o
(%)
1 Unsupervised 236 75.00%  100.00% 38.73%  6(16.67%) 6(16.67%) -+
Learning ' ’ ' ’ ' (66.67%)
10 22
0, 0 0 0
2 NLP 30360 7500% 10000% 35.97%  4(LI%) o000 (6110
. 17 16
3 Deep Learning 7 36 7341% 85.71% 33.66% 3 (8.33%) (47.22%)  (44.44%)
Supervised o o 17 17
4 Letming 7036 7063%  8571%  3629%  2(556%)  47on00 (47.00%)
. 10 24
0, 0 0 0
5 Ensemble Learning 2 36 69.44%  100.00%  45.16% () 0000 2(556%) (cc conr
6 Autonomous 4 36 S417%  50.00%  39.42%  8(22.20%) 11
Behavior : : ' : (47.22%)  (30.56%)
Reinforcement o o o 13 o 16
7 Leaming 3036 S370% 6667%  4597% 3o yig0 TN

Note: K = number of constituent algorithms per family. Mean % Adopted = bias-corrected mean of per-respondent proportions p; x 100. f Adopted
None = respondents who used 0 of K algorithms, f Adopted Some = respondents who used 1 to K—1 algorithms, f Adopted All = respondents who

used all K algorithms.

Family-level adoption frequency in different organizational sectors and stages

When comparing adoption across families, the number of items varies. In order to prevent bias, proportional
normalization was implemented in the context of technology (Venkatesh et al., 2003). Respondents reported
adoption of 28 Al algorithms, each assigned to one of seven families (as shown earlier in Table 1). Each family
is classified by sector and organizational stages (Tables 2 & 4).

Organizational sectors: Across the full sample, mean normalized adoption scores were ranked across the seven
Al families and sectors (Table 9). The relatively high ranking of Unsupervised Learning (75.0%) showed
widespread deployment of member algorithms across diverse task contexts. NLP sample mean result (75.0%)
displayed the broad applicability of language models across all sectors except healthcare. Financial/FinTech
and Engineering/Defense exhibited the broadest adoption portfolios across all seven families, with adoption
scores above 70%. Healthcare showed dramatically lower adoption across all non-deep-learning families, with
0 scores for Unsupervised Learning, Ensemble Learning, and Reinforcement Learning. Commerce/e-Commerce
similarly underperformed in Autonomous Behavior (0.0%) and Reinforcement Learning (11.1%), consistent with
the predominantly digital, non-physical robotic operational context of these organizations.

Table 9
Normalized Al Family Adoption by Organizational Sector

FAMILY Service Healthcare Commerce  Fintech Eng/Def  IT/SW Sample

N=6 N=2 N=3 N=5 N=6 N=14 Mean
Supervised Learning 75.0% 8.3% 55.6% 90.0% 88.9% 66.7% 70.8%
Unsupervised Learning 66.7% 0.0% 50.0% 100.0% 91.7% 78.6% 75.0%
Ensemble Learning 61.1% 0.0% 33.3% 93.3% 88.9% 73.8% 69.4%
Deep Learning 66.7% 35.7% 57.1% 94.3% 85.7% 72.4% 73.4%
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NLP 77.8% 16.7% 55.6% 86.7% 83.3% 78.6% 75.0%
Reinforcement Learning 44.4% 0.0% 11.1% 93.3% 77.8% 50.0% 53.7%
Autonomous Behavior 33.3% 12.5% 0.0% 90.0% 70.8% 60.7% 54.2%

Due to the limited sample size, a non-parametric Kruskal-Wallis test was conducted to determine whether family
adoption scores differed across all sectors. The test results are presented in Table 10.

Table 10

Kruskal-Wallis Results for Sector-Level Variation
FAMILY H-Statistic Df P-Value Sig
Unsupervised Learning 11.14 5 0.049 Yes *
Autonomous Behavior 14.91 5 0.011 Yes *
Supervised Learning 8.76 5 0.119 No
Ensemble Learning 10.33 5 0.066 No
Deep Learning 6.23 5 0.284 No
NLP 6.20 5 0.288 No
Reinforcement Learning 10.36 5 0.066 No

Note: *: p< 0.05, two-tailed.

The test results identified statistically significant cross-sector variation for two of the seven families. The
Autonomous Behavior family demonstrated the strongest variation across sectors (H = 14.91, p = 0.011). Its
adoption was minimal in Healthcare and Commerce/e-Commerce, but substantially higher in Financial/Fintech
(90%) and Engineering/Defense (70.8%), as shown in Table 9. The Unsupervised Learning family also showed
significant variations across sectors (H = 11.14, p = 0.049). Adoption was absent in the Healthcare sector,
compared with full adoption in the Financial/Fintech sector.

The Mann-Whitney U non-parametric test was applied to determine whether two sectors differ in their distributions.

Table 11
Significant Mann-Whitney U Pairwise Results for Sector Comparisons
FAMILY Sector A Sector B MeanA  Mean B  U-Stat p-Value
Autonomous Behavior Commerce/E- ;o ncial/Fintech 0000 0900 000 0022
Commerce
Autonomous Behavior gommerce/E- Engineering/Defense 0.000 0.708 0.00 0.024
ommerce
Autonomous Behavior Commerce/E- 17qofrware 0.000 0.607 3.00 0.024
Commerce
Unsupervised Learning Healthcare Financial/Fintech 0.000 1.000 0.00 0.028
Autonomous Behavior Service Financial/Fintech 0.333 0.900 3.50 0.034
Unsupervised Learning Healthcare IT/Software 0.000 0.786 2.00 0.034
Unsupervised Learning Healthcare Engineering/Defense 0.000 0.917 0.00 0.034

Note: (p < 0.05, two-tailed).

The most consistent sectoral pattern is that Autonomous Behavior adoption was significantly lower in Commerce/
e-Commerce than in Financial/Fintech (p = 0.022), Engineering/Defense (p = 0.024), and IT/Software (p =
0.024), and lower in the Service sector than in Financial/Fintech (p = 0.034). Unsupervised Learning family
adoption was significantly lower in Healthcare than in Financial/Fintech (p = 0.028), IT/Software (p = 0.034),
and Engineering/Defense (p = 0.034).

Organizational stages: The normalized mean adoption rates of the Al algorithm families by organizational stage
are presented in Table 12. A consistent upward pattern from pre-incubation to post-incubation was observed. The
post-incubation stage achieved the highest adoption for all seven families, and the pre-incubation stage the lowest
for five, within the start-up environment.
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Table 12

Normalized Al Family Adoption by Organizational Stages
FAMILY R&D fl::ubation In_cubation ?r:)csltlbation Sample

N=24 N=4 N=5 N=3 Mean

Supervised Learning 67.4% 54.2% 86.7% 94.4% 70.8%
Unsupervised Learning 77.1% 50.0% 70.0% 100.0% 75.0%
Ensemble Learning 63.9% 66.7% 86.7% 88.9% 69.4%
Deep Learning 73.2% 53.6% 77.1% 95.2% 73.4%
NLP 72.2% 75.0% 80.0% 88.9% 75.0%
Reinforcement Learning 45.8% 58.3% 60.0% 100.0% 53.7%
Autonomous Behavior 49.0% 50.0% 55.0% 100.0% 54.2%

Post-incubation organizations achieved a 100% adoption score for Unsupervised Learning, Reinforcement
Learning, and Autonomous Behavior. NLP showed the least stage variation (72.2%-88.9%), indicating broad
deployment across all organizational stages. Reinforcement Learning showed the largest absolute range (45.8%
at R&D versus 100% at Post-Incubation). R&D SMEs presented strong adoption in Unsupervised Learning, Deep
Learning, and NLP. According to the results, Reinforcement Learning and Autonomous Behavior demonstrated
slower diffusion.

Anon-parametric Kruskal-Wallis test was applied to determine whether family adoption scores differed across all
organizational stages. The test revealed statistically non-significant results for all AI families.

Discussion

This study aims to investigate Al adoption built on the proposed Expert-Driven Learning-Domain-Based Al
taxonomy among R&D SMESs and start-ups operating in Turkiye. The analysis of findings sheds light on the
patterns drawn from the seven Al families of the taxonomy and interpreted through the lens of the TOE framework,
DOI, and DCT. Also, the study examines Al family adoption profiles, which are shaped by organizational sector
and entrepreneurial stages.

Algorithm-level adoption frequency analysis shows that Decision Trees adoption comes first at 86.11%, followed
closely by Neural Networks (83.33%), MLP (80.56%), and Linear Regression (80.56%). These results clearly
indicate that widely adopted algorithms tend to be interpretable and structurally familiar. Decision Trees produce
explicit splitting rules that practitioners can trace, verify, and explain to non-technical stakeholders. This aligns
with the argument that R&D SMEs and start-ups need to demystify the Al black box (Dwivedi et al., 2021), and
the most direct way to do so is to begin with models whose internal logic is visible. The relevance of Linear
Regression similarly reflects a practical orientation. Organizations that need to explain predictions to clients,
investors, or regulators adopt methods that produce accountable outputs like Linear Regression (Roustaei, 2024).

At the lower end of the adoption spectrum, Deep Q-Network, Policy Gradient, and SLAM are the least adopted
algorithms, with each used by no more than half ofthe respondents. These algorithms share acommon characteristic.
They require an interactive environment for sequential decision-making, real-time sensor feedback, or both.
The infrastructure needs alone distinguish them from the adoption-friendly profile of Decision Trees or Linear
Regression. Rogers (2003) identifies perceived complexity as a principal barrier to innovation diffusion, and
these algorithms represent precisely that barrier. Deploying them demands a level of operational infrastructure
that most early-stage SMEs and start-ups have not yet constructed. Similarly, Hansen et al. (2024b) argue in the
AT adoption context that complexity is driven less by intellectual difficulty than by the organization’s readiness
to absorb and implement technology.

The algorithms that fall between the upper and lower adoption tiers appear to be adopted by R&D SMEs and
start-ups to broaden their implementation options rather than concentrating on a single area of expertise. This
applied approach by the entrepreneurs and R&D SMEs is consistent with the Al-capability-building perspective
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of DCT. In this perspective, early capability development involves selecting and implementing a broad range of
tools before the organization has the expertise to strategically align them with its business needs (Mikalef et al.,
2022).

The family-level analysis produces findings that are context-dependent. Although Unsupervised Learning
and NLP reveal the same adoption rate (75.0%), the distribution of that adoption across organizations differs,
demonstrating distinct usage patterns. Both showed median adoption of 100%, indicating that the majority of
respondents who used these families adopted all constituent algorithms. The high standard deviations (38.73%
and 35.97%, respectively) show that a substantial minority of organizations did not engage with these families
at all, while those that did committed comprehensively. This pattern suggests that adoption of these families
depends strongly on whether the family is relevant to a given operational context. NLP’s position (75.0%) was
consistent with the broad applicability of language models across all sectors except healthcare (Brown et al.,
2020).

Ensemble Learning displays the most divergent distribution of all seven families. Among the 36 respondents,
66.67% adopted both constituent algorithms (AdaBoost and Stacking), whereas 27.78% adopted neither, leaving
only two in an intermediate position. Practitioners appear to treat Ensemble Learning as an integrated approach
rather than a flexible set of options. Organizations either embrace the principle of combining learners for variance
reduction or do not adopt it at all. This all-or-nothing adoption logic is consistent with Mienye and Sun (2022),
who note that ensemble methods are specifically adopted where single-model performance is insufficient,
suggesting a deliberate response to a specific modeling problem rather than incremental experimentation.

Reinforcement Learning and Autonomous Behavior recorded the lowest mean adoption scores at 53.70% and
54.17%, respectively, and both exhibited the broadest standard deviations in the dataset. Reinforcement Learning,
in particular, showed a dual-pattern distribution with 44.44% of respondents adopting all three RL algorithms,
while 36.11% adopted none of them. This distribution signals a specialist/non-specialist divide that is not simply
about resource availability. RL requires an interactive environment, a reward structure, and typically a simulation
infrastructure before live deployment is possible. Organizations that have crossed those prerequisites tend to fully
adopt RL. The observed pattern reflects the difference between RL and SL. Thus, RL demands more than technical
effort; it also requires a different organizational readiness (Sutton & Barto, 1998; Brynjolfsson & McAfee, 2017).

The TOE framework predicts that environmental factors, including competitive context, sector norms, and data
availability, shape the direction of technological investment (AlSheibani et al., 2018; Chen, H. et al., 2021). The
sectoral analysis confirms this prediction in specific and interpretable ways. Financial/FinTech and Engineering/
Defense demonstrated the broadest adoption portfolios, with normalized scores consistently above 70% across all
seven families. Both sectors operate in data-rich, decision-intensive environments where the relative advantage of
Al adoption is clear and measurable, which is a core predictor of DOI (AlSheibani et al., 2018). The performance
gains from predictive analytics in financial and engineering applications justify the requirement for broader Al
adoption.

The Healthcare sector presented a sharply contrasting profile, with zero adoption scores for Unsupervised Learning,
Ensemble Learning, and Reinforcement Learning. The Deep Learning family showed moderate adoption at
35.7%, which reflects imaging and diagnostic applications where CNN-based architectures have established
clinical credibility. Clinical decision-support tools require interpretable outputs and auditable reasoning chains;
however, the black-box character of these methods conflicts with these requirements (Obermeyer & Emanuel,
2016). Thus, the absence of Unsupervised and Reinforcement approaches is consistent with the regulatory logic,
as patterns in the analyzed data reflect institutional constraint rather than a lack of technical knowledge.

Commerce/e-Commerce showed zero adoption of the Autonomous Behavior family. SLAM, Kalman filtering,
MPC, and RPA algorithms are sensor-embedded or process-automation technologies designed for physical-world
operations. Digital commerce operations usually do not require complicated physical infrastructure, which these
algorithms address. This precisely explains that the value of a technology is conditional and fits with the existing
operational context, which aligns with the TOE framework's technological compatibility dimension (AlSheibani
et al., 2018; Ayinaddis, 2025).

1604



AUSBD 2026, 26(3), 1589-1614

The Kruskal-Wallis tests confirmed statistically significant cross-sector variation for Autonomous Behavior (H =
14.91,p=0.011) and Unsupervised Learning (H = 11.14, p = 0.049). The Mann-Whitney pairwise results further
specified these differences. Autonomous Behavior adoption in Commerce/e-Commerce was significantly lower
than in Financial/FinTech (p = 0.022), Engineering/Defense (p = 0.024), and IT/Software (p = 0.024). Since the
same result was found in comparisons with three different sectors, the Commerce/e-Commerce finding reflects a
systematic sectoral characteristic rather than a random result. Unsupervised Learning adoption in Healthcare was
significantly lower than in Financial/FinTech (p = 0.028), IT/Software (p = 0.034), and Engineering/Defense (p
= 0.034), reinforcing the regulatory-constraint interpretation.

Reinforcement Learning adoption was only 50.0%, making it the second lowest among sectors. The result
may reflect the earlier observation that RL requires not just technical readiness but an interactive deployment
environment. Therefore, software organizations that primarily build enterprise tools or analytics platforms may
simply not have the application domains that RL addresses.

The organizational stage analysis reveals a directional pattern that is consistent with dynamic capability theory.
Post-Incubation organizations achieved 100% normalized adoption for Unsupervised Learning, Reinforcement
Learning, and Autonomous Behavior. However, these three families showed the lowest overall mean scores. This
convergence at the post-incubation stage is theoretically coherent because organizations that progress through the
full incubation trajectory have more time to sense opportunities in their data environments, to seize them through
targeted capability building, and to transform their operations accordingly (Mikalef & Gupta, 2021). Also, this
interpretation of incubation trajectory posits that each developmental transition unlocks access to new resources,
which is in line with the stage-gate model, a popular system for driving new products to market (Cooper, 2008;
Holub-Iwan et al., 2021; Leithold et al., 2015).

NLP showed the flattest variation across organizational stages, ranging from 72.2% at R&D to 88.9% at Post-
Incubation. The possible explanation for this range is the relative accessibility of NLP algorithms. Models such
as GPT and BERT can be accessed through APIs and do not require training from scratch (Y. Liu & Wang, 2026).
This makes NLP more feasible for early-stage entrepreneurs with limited data and computational resources. This
interpretation is consistent with the growing use of API-based Al among SMEs and start-ups (Y. Liu & Wang,
2026). However, this approach may also limit entrepreneurs’ understanding of the underlying model and its
functioning, which gives rise to the black-box conflict (Dwivedi et al., 2021).

The R&D stage itself showed considerable internal heterogeneity. This variance reflects the heterogeneous
character of R&D organizations. Some are pre-commercial entities barely beyond ideation, while others are
established entrepreneurs with dedicated Al development capacity. These results imply that R&D SMEs develop
algorithms in simulation, unlike post-incubation entrepreneurs, who deploy algorithms in a physical product.

Implications

The findings make several contributions to the Al adoption literature. First, the algorithm-level focus of the
analysis extends the TOE framework beyond its usual application to general Al adoption decisions. Previous
studies have largely examined whether organizations adopt Al. In contrast, this study examines which algorithms
they adopt and why the pattern varies. This provides a more precise understanding of how technological,
organizational, and environmental factors shape adoption at the level of specific computational paradigms rather
than Al as a single, undifferentiated technology.

Second, the study provides an empirical foundation for the black-box concern raised by Dwivedi et al. (2021). The
adoption data show that R&D SMEs and start-ups do not adopt the full range of available algorithms uniformly.
They cluster toward interpretable methods and commit differentially to dedicated Al families. This selective
adoption pattern suggests that algorithm knowledge, the ability to distinguish what a method does and when it
is appropriate, is already operating implicitly as a selection criterion. Making that criterion explicit, through a
proposed Expert-Driven Learning-Domain-Based Al taxonomy, could help R&D SMEs and entrepreneurs make
more deliberate decisions about where to build capability and where to apply off-the-shelf solutions.
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Third, the dynamic capability perspective adds a developmental dimension to a static cross-sectional analysis. The
stage-based pattern is broadly consistent with the sense-seize-transform logic of DCT (Mikalef & Gupta, 2021).
Entrepreneurs at more mature stages tend to adopt a wider range of Al families. This suggests that Al adoption is
not a one-time event, but a gradual process of capability development. Understanding which algorithm families
mark each transition could inform how R&D SMEs and start-ups design their programs.

Several practical contributions are extracted from empirical findings. The findings suggest a pragmatic entry path
that begins with interpretable supervised and unsupervised methods capable of generating immediate decision-
making value for entrepreneurs in the early stages of Al adoption. Subsequently, adoption expands to more
specialized families as operational infrastructure and data maturity increase. For governments, the results suggest
that support and incentive programs should be tailored to sector-specific needs rather than based on a uniform
Al literacy approach. Healthcare start-ups face institutional constraints that make certain Al algorithm families
difficult to deploy, and support programs should address those constraints directly rather than treating them as
capability deficits. For Financial/FinTech and Engineering/Defense entrepreneurs, the already-broad adoption
profiles suggest readiness for deeper engagement with Reinforcement Learning and Autonomous Behavior
families. Thus, knowledge and incentive supports should be directed towards necessary infrastructure investment
for these types of entrepreneurs.

At the policy level, the study supports the argument that algorithm-level understanding should be a target of
digital transformation for R&D SMEs and start-ups, not just Al tool adoption (Dwivedi et al., 2021). The results
demonstrate that adopting Al and understanding Al are not the same thing. Organizations that embed Al models
without knowing which algorithms drive them are unable to audit, debug, or adapt those models as circumstances
change. Furthermore, a lack of Al algorithm literacy leads to uncontrolled data structures and outputs, which cause
privacy and security risks. Thus, adoption without understanding Al algorithms’ insights can easily manipulate
businesses, personal behaviors, and actions. Consequently, off-the-shelf AI models supplied by the market may
control both businesses’ decision-making and personal consciousness.

The study contributes to a growing empirical literature on Al adoption in R&D SMEs and start-ups by shifting
the analysis from the organizational level to the algorithm and algorithm-family level. Thereby, it introduces a
seven-family, expert-driven learning-domain-based taxonomy grounded in the learning paradigm and validated
by domain experts that contributes as a practical instrument for advancing the maturation of the Al taxonomy
literature.

Limitations and Future Research

Several limitations can be drawn from this study. The most significant constraint is sample size. With 36 valid
responses, the study can support descriptive and non-parametric analyses, but the power of those tests is limited.
Relatedly, the sampling design is a non-probability convenience approach. In order to overcome the sample-
collection issues, organizations should be encouraged by the regulatory body to reach the necessary sample
size. A larger sample, ideally with more balanced representation across stages and sectors, is the most direct
path to overcoming this constraint. The geographic scope introduces a second limitation. All 36 organizations
are Turkish R&D SMEs and start-ups, and all are members of the Istanbul Chamber of Commerce. Turkiye
has a specific regulatory, economic, and digital infrastructure context that shapes Al adoption in ways that may
not generalize to other markets. The proposed taxonomy therefore awaits formal confirmatory factor-analytic
validation on an adequately powered, ideally probability-based, multi-region sample. The cross-sectional design
is a third limitation. Longitudinal data tracking the same organizations through their development stages would
be needed to improve the study’s explanations. Incorporating ordinal or continuous measures of adoption depth
in future work would enrich the analysis considerably. Finally, self-reported survey data carry the usual risks of
social desirability bias and recall inaccuracy. Validating adoption claims through technical audit or follow-up
interviews would strengthen the measurement foundation for future studies.
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Genisletilmis Ozet

Amag

Bu calisma, Tiirkiye'deki arastirma-gelistirme (AR-GE) odakli kiigiik ve orta 6lgekli isletmeler (KOBI'ler) ile
girigim sirketlerinin yapay zeka (YZ) benimseme Oriintiilerini algoritma diizeyinde incelemeyi amaglamaktadir.
Mevcut literatiirde YZ benimseme arastirmalarinin bityiik cogunlugu, YZ'yi tek ve biitiinlesik bir teknoloji olarak
ele almakta; hangi algoritmalarin benimsendigine ve bu se¢imlerin nedenlerine iliskin bilgi son derece sinirli
kalmaktadir (AlSheibani et al., 2018; Chen, H. et al., 2021). Ayrica mevcut YZ taksonomi ¢aligmalarinin bilyiik
boliimii kavramsal ya da paradigma diizeyinde kalmakta, algoritmalarin uygulama baglaminda secilmesi ve
karsilastirilmasi igin pratik bir rehberlik sunmamaktadir (Dutta, 2025).

Bu boslugu gidermek amaciyla ¢alisma ii¢ temel arastirma sorusunu yanitlamay1 hedeflemektedir:

1- AR-GE KOBI'leri ve girisim sirketleri tarafindan hangi YZ algoritmalari en sik benimsenmektedir?
2- Farkli organizasyonel sektorlerde hangi YZ algoritma aileleri daha yaygin olarak benimsenmektedir?
3- Farkl1 organizasyonel asamalarda hangi YZ algoritma aileleri daha sik benimsenmektedir?

Calismanin nihai hedefi, yedi algoritma ailesini (Denetimli Ogrenme, Denetimsiz Ogrenme, Takviyeli Ogrenme,
Derin Ogrenme, Dogal Dil Isleme, Topluluk Ogrenmesi ve Otonom Davranis) kapsayan uzman odakli, 6grenme
alani tabanl1 bir YZ taksonomisi araciligryla benimseme frekanslarini ortaya koymaktir. Caligma ayrica Teknoloji-
Organizasyon-Cevre (TOE) ¢ergevesini, Yenilik Yayilimi (DOI) ve Dinamik Yetenek Teorisi (DCT) ile birlikte
algoritma diizeyine tastyarak ilgili literatiire kuramsal bir katki sunmay1 hedeflemektedir. Bu arastirma AR-GE
KOBI'leri ve girigim sirketlerinin karsilastig1 "kara kutu" problemini, yani API tabanli ya da hazir YZ araglarmi
arka plandaki algoritmay1 bilmeden kullanmalarindan kaynaklanan seffaflik, hesap verebilirlik ve stratejik uyum
eksikliklerini (Dwivedi et al., 2021; Y. Liu & Wang, 2026) ortaya koyan ve ¢0ziim iireten bir calismadir.

Yontem

Calisma, Istanbul Ticaret Odast iiyesi 36 Tiirk AR-GE KOBI'si ve girisim sirketinden anket yoluyla nicel veri
toplayan uygulamali ve betimsel bir arastirma tasarimina sahiptir. Anket; YZ uygulayicilari, gelistiriciler ve
akademisyenlerle derinlemesine goriismeler araciligiyla gelistirilen, 28 algoritmay1 kapsayan ve uzman odakli
ogrenme alani tabanli bir YZ taksonomisi lizerine inga edilmistir. Besli Likert dlcegiyle hazirlanan anket
once Tiirkgeye cevrilmis, ardindan geri cevirisi yapilarak dil tutarliligi dogrulanmustir. Igerik gegerliligi, alan
uzmanlarindan alinan geri bildirimler dogrultusunda sistematik bi¢imde saglanmistir (Hair et al., 2007). Istanbul
Medeniyet Universitesi Sosyal Bilimler Etik Kurulu'ndan etik onay almmustir.

Anakiitleyi Tiirkiye'deki AR-GE KOBI'leri ve girisim sirketlerinde aktif gorev yapan YZ gelistiricileri, yoneticiler
ve uygulayicilar olusturmaktadir. Ornekleme siirecinde Istanbul Ticaret Odast iiyesi 38 kurulusa ulagilmis; veri
on igleme agsamasinda iki kurulus eksik bilgi nedeniyle elenmis ve gecerli yanit sayisi 36 olarak belirlenmistir.
Veri toplama, SurveyMonkey platformu {iizerinden e-posta ve LinkedIn kanallartyla gerceklestirilmistir.
Katilimeilar; AR-GE, 6n kulugka, kulucka ve kulucka sonrasi asamalar olmak iizere Mungila Hillemane et al.
(2019) galismasiyla uyumlu bigimde siniflandirilmistir.

Giivenilirlik i¢in Cronbach alfa ve McDonald omega degerleri hesaplanmis; gegerlilik i¢in bilesik giivenilirlik
(CR) ve aciklanan ortalama varyans (AVE) dl¢iitleri incelenmistir. Kiiciik 6rneklem biiyiikligii (N=36) nedeniyle
betimsel istatistikler ve parametrik olmayan analizler tercih edilmis; sektorler arasi farkliliklar i¢in Kruskal-
Wallis ve Mann-Whitney U testleri uygulanmistir. Analizler Python programlama diliyle Pandas ve NumPy
paketleri kullanilarak gergeklestirilmistir.

Bulgular

Algoritma diizeyinde benimseme frekans analizi, en cok benimsenen algoritmanin Karar Agaglari (f=31; %86,11)
oldugunu ortaya koymustur. Bunu Sinir Aglar1 (%83,33), Cok Katmanli Algilayici (MLP) ve Dogrusal Regresyon
(%80,56) izlemektedir. Bu algoritmalarin yiiksek benimseme oranlari, yorumlanabilirlik ve yapisal tanisiklikla
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dogrudan iliskilendirilmektedir (Breiman, 2001; Hastie et al., 2009). En az benimsenen algoritmalar ise Derin
Q-Agy, Politika Gradyani (%50,00) ve SLAM (%47,22) olmustur.

Aile diizeyinde Denetimsiz Ogrenme ve Dogal Dil Isleme en yiiksek ortalama benimseme oranlarina ulasmistir
(her ikisi de %75,00). Takviyeli Ogrenme (%53,70) ve Otonom Davranis (%54,17) ise en diisiik benimseme
oranlarim vermistir. Topluluk Ogrenmesi, "ya hep ya hi¢" seklinde bir benimseme &riintiisii ortaya koymustur.
Katilimcilari %66,67'si her iki algoritmay1 da benimserken, %27,78'1 higbirini benimsememistir.

Sektorel analizde Finans/FinTech ve Miihendislik/Savunma tiim yedi ailede %70'in lizerinde benimseme oraniyla
en genis portfolyolara sahip olmustur. Saglik sektorii ise Denetimsiz Ogrenme, Topluluk Ogrenmesi ve Takviyeli
Ogrenme ailelerinde sifir benimseme orani kaydetmistir. Ticaret/e-Ticaret sektoriinde Otonom Davranis ailesi
hi¢c benimsenmemistir. Kruskal-Wallis testi, Otonom Davrams (H=14,91; p=0,011) ve Denetimsiz Ogrenme
(H=11,14; p=0,049) ailelerinde sektorler arasi istatistiksel acidan anlamli farkliliklar tespit etmistir. Mann-
Whitney U testi bu farkliliklarin belirli sektor ¢iftlerine 6zgli oldugunu dogrulamistir.

Organizasyonlarin gelisim asamasi analizinde kulucka sonrasi asamadaki kuruluslar, tiim yedi ailede en yiiksek
benimseme oranlarma ulasmustir. Takviyeli Ogrenme, en genis asama araligmi (AR-GE'de %45,8 ile kulucka
sonrasinda %100) ortaya koymustur.

Sinirhiliklar

Calismanin en 6nemli sinirliligi 6rneklem biytikligiidir. 36 gegerli yanit, betimsel ve parametrik olmayan
analizleri desteklemekle birlikte bu testlerin istatistiksel giiclinii kisitlamaktadir. Baz1 sektorlerdeki alt 6rneklem
biiyiikliikleri, sektor karsilastirmalarinin giivenilirligini sinirlandirmaktadir.

Ikinci 6nemli sinirlilik cografi kapsam ile ilgilidir. Calismanin tiim katilimeilar1 Istanbul Ticaret Odasi iiyesi
Tiirk AR-GE KOBI'leri ve girisim sirketlerinden olusmaktadir. Tiirkiye'nin kendine 6zgii diizenleyici, ekonomik
ve dijital altyap1 baglami, bulgularin baska iilkelere genellenebilirligini kisitlamaktadir.

Kesitsel aragtirma tasarimi da bir smuirlilik olarak degerlendirilmektedir. Ayni kuruluslar farkli gelisim
asamalarinda izleyen boylamsal veriler, asama temelli yorumlamalar1 ¢ok daha giiclii kilacaktir. Benimsemenin
derinligini dlcen siirekli ya da ordinal 6l¢iitlerin gelecek caligmalara eklenmesi analizi zenginlestirecektir.

Son olarak, 6z bildirime dayal1 anket verisi sosyal begenirlik yanlilig1 ve hatirlama hatalar1 gibi bilinen riskleri
beraberinde getirmektedir. Teknik denetim ya da takip goriismeleriyle benimseme iddialarinin dogrulanmasi,
gelecekteki ¢alismalarin 6l¢lim temelini saglamlastiracaktir.

Oneriler

Calisma, kuramsal, pratik ve politika acisindan ¢ok boyutlu katkilar sunmaktadir. Kuramsal diizeyde TOE
cergevesi, DOI teorisi ve DCT biitiinlesik bir YZ teknolojisi yerine belirli algoritmalar ve algoritma aileleri
diizeyine taginmistir. Bu yaklagim, teknolojik, organizasyonel ve c¢evresel faktorlerin hesaplama paradigmalari
tizerindeki etkisini daha ayrintili bigimde acgiklamaktadir. Ayrica ¢alisma, Dwivedi et al. (2021) tarafindan dile
getirilen kara kutu sorununa ampirik bir zemin kazandirmaktadir. Benimseme verileri, algoritma bilgisinin 6rtiik
bir se¢im kriteri olarak iglev gordiiglinii ortaya koymaktadir.

Pratik agidan, bulgular girisimciler i¢in yorumlanabilir, denetimli ve denetimsiz yontemlerle baslayan pragmatik
bir giris yolu dnermektedir. Operasyonel altyap1 ve veri olgunlugu arttik¢a, benimseme daha 6zellesmis ailelere
dogru genisletilmelidir. Politika yapicilar ve kamusal destek kurumlari i¢in sonuglar, sektdre 6zel gereksinimler
dogrultusunda farklilastirilmis destek ve tesvik programlarinin tasarlanmasi gerektigine isaret etmektedir. Saglik
girisimleri kurumsal kisitlamalarla kars1 karsiya oldugundan, ilgili programlar bu kisitlamalar1 dogrudan hedef
¢oziimlerle ele almalidir. Finans/FinTech ve Miihendislik/Savunma girisimcileri igin Takviyeli Ogrenme ve
Otonom Davranis altyapisina yonelik bilgi ve tesvik destekleri yonlendirilmelidir.

Bu ¢alisma, algoritma diizeyinde anlayisin AR-GE KOBI'lerinin ve girisim sirketlerinin dijital dniisiimii igin bir
hedef olmas1 gerektigini savunmaktadir (Dwivedi et al., 2021). YZ'yi benimsemek ile YZ'yi anlamak ayni1 sey
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degildir; altta yatan algoritmay1 bilmeden benimseme, denetimi, hata ayiklamay1 ve uyarlamay giiclestirmekte
ve gizlilik/giivenlik risklerini artirmaktadir.

Ozgiin Deger

Bu caligmanin 6zgiin degeri, YZ benimseme arastirmalarini organizasyonel diizeyden algoritma ve algoritma
ailesi diizeyine tasimasi ve bu amagcla orijinal bir model gelistirmesinde yatmaktadir. Caligma, yedi aile ve 28
algoritmadan olusan uzman odakli 6grenme alani tabanl1 YZ taksonomisini sunmaktadir. Bu taksonomi, 6grenme
paradigmasi etrafinda yapilandirilmis, YZ konusunda calisan akademisyenler, sektdr uzmanlar1 tarafindan
dogrulanmis ve Gama ve Brazdil (1995) tarafindan onerilen boliimleme algoritmasi ¢ergevesiyle uyumlu hale
getirilmistir.

Mevcut YZ taksonomi ¢aligmalarinin biiyiik ¢ogunlugu kavramsal ya da paradigma diizeyinde kalmaktadir. Bu
calisma, taksonomisini dogrudan algoritma diizeyinde konumlandirarak AR-GE KOBI'leri ve girisim sirketleri
icin pratik se¢im ve uygulama rehberligi sunmaktadir (Dutta, 2025). Onerilen taksonomi, AlSheibani et al. (2018)
ve Chen, H. et al. (2021) tarafindan vurgulanan algoritma diizeyindeki benimseme agigin1 kapatmaktadir.

Calisma ayni1 zamanda TOE gergevesini, DOI teorisini ve DCT ile birlikte genel YZ benimseme analizinin 6tesine
tastyarak sektorel ve gelisim asamasi boyutlarini birlestirmektedir. Calismanin pratik katkisi olarak gelistirilen
taksonomi, girisimciler, hizlandiricilar ve politika yapicilar i¢in algoritma diizeyinde kapasite gelistirmeyi
yonlendirmeye yénelik yapilandirilmis bir arag islevi gdrmektedir. Son olarak, ¢alisma Tiirk AR-GE KOBI'leri
ve girisim sirketleri baglamindaki ampirik bulgulartyla bu alanda uluslararasi karsilastirmali arastirmalar i¢in bir
referans noktasi olusturmaktadir.
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