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1. Introduction

Generative artificial intelligence (AI) has permeated global enterprises and societies with a velocity that is without
precedent in the history of technology. Yet we must remind ourselves that speed is not a strategy. It is merely a con-
dition. What truly defines this era is the fundamental shift in how these systems have transitioned from calculators
of language to actors of intent. We have reached an inflection point with the emergence of agentic Al (AAI) built
on fundamental and generative Al building blocks (Samuel et al. 2024; Acharya et al. 2025; Tripathi et al. 2025).
This transition from models that merely respond to those that possess autonomous, tool-integrated architectures
demands a rigorous rethinking of our sociotechnical structures. One thing is now certain: governance and account-
ability can no longer be treated as administrative afterthoughts or late-stage constraints. They must be designed into
the “nervous systems” of future technologies.

Where previous efforts settled for the fragmented automation of discrete tasks, agentic systems leverage the triad of
autonomy, planning, and memory to command entire processes from end to end. They transform isolated tools into
unified agents of performance. However, this has led us to the generative Al paradox: we see widespread adoption,
yet measurable enterprise-level impacts remain stubbornly uneven. Although organizations invest and experiment
with enthusiasm, transformative returns remain elusive. We have yet to align this new computational capacity with
the disciplined practice of management and the rigorous requirements of institutional stability.
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2. The Generative AI Paradox: Why High Adoption Has Not Meant High Impact

Understanding why this gap exists matters before accepting AAI as its solution. Three structural explanations are
worth noting. First, there is a deployment problem. Many organizations have integrated generative Al into narrow,
bounded tasks (e.g., drafting emails, summarizing documents) without embedding it into the decision workflows in
which business value actually compounds. This adoption pattern is consistent with evidence that firms tend to
experiment with Al in isolated, peripheral use cases rather than integrate it into core processes (Raisch and Krakow-
ski 2021). Second, there is a measurement problem: the productivity gains from reactive large language models
(LLM) often manifest as cognitive offload and time savings for knowledge workers, which are difficult to capture
in traditional key performance indicators (KPIs) and return on investment (ROI) frameworks. Research results
show that Al-driven productivity improvements frequently take the form of reduced cognitive load and time savings
that organizations struggle to quantify (Davenport and Ronanki 2018; Luo et al. 2019). This measurement gap is
consistent with work that shows that Al can improve human performance by adaptively reshaping information
facets, leading to benefits that are real but often invisible to standard KPIs (Samuel et al. 2022). Third, and funda-
mentally, there is an architectural problem. Reactive systems, by design, can only assist. They respond to prompts
but cannot initiate or maintain context across sessions and certainly cannot orchestrate multistep workflows without
continuous human re-engagement. These limitations are well documented (Shneiderman 2020; Bommasani et al.
2021) and show that each interaction is, in effect, a dead end. The marginal value added by reactive Al is inherently
low because humans must still serve as the connective tissue between model outputs and organizational action.

AAI offers a path out of this paradox by transforming generative Al from reactive generative assistance into proac-
tive, goal-oriented collaborators capable of executing complex workflows (Randazzo et al. 2025). In principle,
agentic systems have the potential to improve operational efficiency by enabling parallel execution, real-time adapt-
ability, personalization, elasticity, and resilience (Iansiti and Lakhani 2020). In domains such as supply chains,
agents continuously ingest data, anticipate risks, dynamically replan workflows, and optimize decisions across time
horizons (Sukharevsky et al. 2025), and this could be extended to areas such as health care, where generative Al
promises gains across clinical and administrative workflows (Bhuyan et al. 2025).

The economic stakes are substantial. By 2030, the U.S. B2C retail market alone could see up to $1 trillion in orches-
trated revenue from agentic commerce, with global projections reaching as high as $3 trillion to $5 trillion (McKin-
sey and Company 2024). KPMG similarly estimates that AAI will be key to unlocking a staggering $3 trillion in
corporate productivity improvements annually (KPMG International 2025). Their argument can be distilled into
four enterprise value pathways: expanding the scope of work that can be automated, enabling always-on operational
capacity, improving organizational resilience through continuous optimization, and converting institutional knowl-
edge into executable actions. However, we note that these projections originate largely from consulting firms with
commercial interests in accelerating enterprise Al adoption and should be read as directional signals rather than
forecasts. In this framing, agent-powered commerce is not merely a user-experience innovation, it represents a
structural shift in market dynamics in which intelligent systems can anticipate user intent, evaluate alternatives,
negotiate options, and execute transactions with minimal human intervention (Gates 2023). Commercial validation
is already visible: companies such as Anysphere (creator of Cursor) and Perplexity are reported to be reaching
major revenue milestones (Bain and Company 2025). These signals reflect AAI’s expanding deployment across
domains, disciplines, and global challenges, establishing AAI as a critical frontier in contemporary Al innovation.

3. From NLP to LLMs

Natural language processing (NLP) serves as the root of AAI, with LLMs that form a powerful linguistic substrate
for agentic behavior. Early NLP efforts (1950s) prioritized natural language understanding more than generation,
with machine translation emerging as a defining application area (Chomsky 2002). The earliest era of NLP
(1950-1969) was dominated by rule-based systems, built on handcrafted linguistic rules and patterns. A landmark
example was Weizenbaum (1966), which used pattern matching to simulate conversation, demonstrating natural
language interaction potential, despite lacking true semantic understanding (Weizenbaum 1966). The ALPAC
report (Automatic Language Processing Advisory Committee (ALPAC) 1966) concluded that rule-based translation
was economically unviable, triggering an early Al winter for NLP. The late 1980s-1990s marked a paradigm shift
toward statistical and machine learning (ML) approaches driven by computational power and text corpora growth
(Masoumzadeh et al. 2023). IBM’s statistical machine translation demonstrated probabilistic model effectiveness.
Support vector machines (SVMs) and conditional random fields (CRFs) enhanced NLP capabilities, and ML
approaches supplanted rule-based systems on ambiguity-heavy tasks such as word sense disambiguation due to
superior scaling (Navigli 2009). Big data, as defined by volume, velocity, and variety (Sagiroglu and Sinanc 2013),
further transformed NLP by enabling data-driven approaches that fueled capabilities from sentiment analysis to
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entity recognition. (Chatterjee et al. 2022). Deep learning further accelerated this trajectory: recurrent neural net-
works (RNNs) and long short term memory (LSTMs) enabled robust sequence modeling for text and speech, and
helped power widely adopted assistants such as Siri, Alexa, and Google Assistant (Gudivada et al. 2015).

LLMs represent a transformative breakthrough enabled by advances in neural architectures and large-scale training.
The introduction of attention mechanisms and the Transformer architecture replaced recurrence with self-attention,
reshaping the foundation of language modeling (Masoumzadeh et al. 2023). Transformer-based pretraining under-
lies modern LLM families, including GPT and BERT. Performance scaling with model size, often framed through
parameter growth and broader training has been associated with emergent capabilities such as in-context learning
and multistep reasoning. Yet, LLMs face persistent challenges in computational efficiency, factual reliability, inter-
pretability, bias mitigation, and safe deployment; issues that do not automatically disappear with scale (Patil and
Gudivada 2024). Critically, even as LLMs expanded what systems could generate and infer, standalone LLMs
remained reactive: powerful responders to prompts but constrained in goal pursuit, memory, execution control, and
tool-mediated action (Fauscette 2025). Prompt engineering and retrieval-augmented generation (RAG) extended
usefulness by improving controllability and grounding, but multistep, real-world workflows still demanded substan-
tial human orchestration (Fauscette 2025), whether the goal is transparent university support via auditable RAG
pipelines (Chidipothu et al. 2025), emotion-consistent multilingual sentiment analysis across machine translation
(Anderson et al. 2024), or culturally adaptive, human-centered educational Al that must flex to context rather than
produce one-size-fits-all outputs (Samuel et al. 2023).

The past 2 years witnessed AAI’s emergence as a new paradigm that transcends LLM limitations, shifting “LLMs
as assistants” to agents as actors. With the advent of agents, Al has evolved from passive response systems to goal-
driven systems; workflows are increasingly moving from reactive to proactive (Clark 2025; Fauscette 2025). AAI
systems are autonomous systems pursuing complex goals with minimal intervention, demonstrating adaptability
and self-sufficiency (Acharya et al. 2025). Agentic behavior is not a sudden invention; it builds incrementally on
decades of research (Botti 2025) and draws heavily on information systems concepts: autonomy, workflow logic,
and tool integration to convert LLMs from generative engines into active problem-solvers (Bandi et al. 2025; Fausc-
ette 2025). At a systems level, AAI extends LLM capability through state maintenance, persistent memory, goal
definition, multistep reasoning, decision-making, tool use, and feedback loops (Bandi et al. 2025; Fauscette 2025).
This is what distinguishes meaningful agency from simple orchestration and is central to the value creation narrative
now emerging across sectors (McKinsey and Company 2024; Fauscette 2025). In this confluence, NLP enables
interaction and task framing, LLMs provide linguistic intelligence and reasoning, and agentic architectures provide
autonomy, a transition that can be framed as moving from language understanding to language reasoning to
language-driven action (Fauscette 2025).

The rapid rise of AAI has been accelerated by modular frameworks such as LangGraph, CrewAl, AutoGen, Agno,
SmolAgents, Mastra, Pydantic Al, and Atomic Agents. Examples include Autodata converting natural-language
instructions into datasets (Ma et al. 2025); medical Al pipelines automating data processing (Shimgekar et al.
2025); Al Cosmologist performing autonomous research cycles (Moss 2025); and MLR-Copilot generating ML
research ideas (Li et al. 2024). Yet the frontier is defined as much by risks as by capability.

Challenges persist: hallucination and reasoning failures (Hosseini and Seilani 2025; Raheem and Hossain 2025);
opaque decision-making that can perpetuate bias and inequity (Raheem and Hossain 2025); emergent agency that cre-
ates safety and alignment risks (Raheem and Hossain 2025); governance gaps because systems with action-taking
capability are deployed without sufficient oversight (Hosseini and Seilani 2025; Raheem and Hossain 2025); and
insufficient robustness and safety features in complex, unpredictable environments (Raheem and Hossain 2025).

In looking ahead, Al agents can be expected to evolve as constrained societal actors, structured through frameworks
such as FEEG (Finder, Evaluator, Explainer, Generator) as an intent framework that governs mode of operation,
retrieval, and sourcing (Finder); criteria-based judgment (Evaluator); stepwise clarification (Explainer); and
bounded creation (Generator), thereby calibrating verification depth, tool use, and escalation thresholds (Samuel
et al. 2025b). Such agents could be used to tackle a range of informational challenges, such as fake news or Al
phobia. When failures, uncertainty, or opaque actions intensify news-driven “Al phobia,” agents can help detect
fear sentiment signals in discourse and user interactions, surface early warnings, and support timely, evidence-
based responses (Samuel et al. 2025a). There is a need to develop more trust-aware agents that monitor sentiment
drift, offer transparent explanations, and escalate sensitive cases to human oversight when needed.

4. Risks: Why Agentic Failures Are Qualitatively Different

The risks outlined above are real but also generic, which are hallmarks of any sufficiently complex Al system.
What distinguishes agentic systems is not simply the presence of risk but the structure of that risk. When
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organizations move from reactive models to autonomous, multistep agents, the nature of failure changes. It becomes
compounded, distributed, and far more difficult to detect. Effective management depends on the clarity of responsi-
bility and the integrity of the underlying system of action. When those foundations shift, so too does the character
of managerial risk (Drucker 1974).

The most consequential challenge is error propagation. In a reactive LLM, a hallucination or reasoning lapse
appears immediately in the response to a single prompt, where a human can intercept and correct it. But an agentic
system operates across a chain of interdependent steps, retrieving information, planning actions, invoking tools, and
interacting with external systems. An early-stage error can move silently through this chain, shaping downstream
decisions long before a human has any opportunity to intervene. Recent analyses of multi-agent workflows show
that a single hidden message can compromise an entire system of agents, cascading through planning and execution
stages in ways that are difficult to trace or reverse (Schultz 2025). Similarly, retrieval-augmented and tool-using
agents exhibit multistage vulnerabilities such as context manipulation and cross-context contamination that allow
early errors to silently influence later actions (Ramakrishnan and Balaji 2025). The result is that the failure is no
longer local but systemic: the error becomes embedded in the architecture of the workflow itself.

A second challenge concerns accountability. Traditional lines of responsibility are blurred when an agent acts on
behalf of a user by submitting a transaction, sending a communication, or modifying a record. Managerial effectiveness
rests on unambiguous responsibility. However, agentic systems are designed to be autonomous decision systems. They
exercise judgment across models, interfaces, and organizational processes in ways that existing legal and managerial
frameworks were never designed to accommodate. Responsibility becomes difficult to assign when autonomous sys-
tems execute multistep actions across legal, organizational, and technical boundaries (Gulyamov et al. 2026). The
question “who is responsible” becomes harder to answer when the system itself exercises delegated discretion.

Third, tools-using agents introduce adversarial attack surfaces that reactive systems simply do not face. A language
model generating text can be manipulated at the prompt level. But an agent empowered to search the web, call
application programming interfaces (APIs), or interact with external environments inherits the vulnerabilities of
those environments. Multimodal and cross-context prompt injection attacks can compromise agentic systems and
evade existing guardrails (Lee and Tiwari 2024). As agents gain greater autonomy and environmental access, the
attack surface expands accordingly. Prompt injection remains a fundamental vulnerability in LLM-based systems,
especially when models are embedded in multi-agent workflows or are granted access to external tools.

5. The Path Ahead. ..

The evolution from computational linguistics through statistical methods, big data, machine learning, and LLMs to
AAI represents progression from language processing to language reasoning to, ultimately, language-driven action.
Each phase, computational linguistics providing theoretical foundations, data science enabling pattern learning, algo-
rithmic topic modeling making insights accessible, machine learning achieving robust performance, LLMs unifying
understanding and generation, prompt engineering and RAG extending capabilities, serves as an irreplaceable founda-
tional building block. Yet, in many practical settings, the path ahead increasingly requires some form of agentic archi-
tecture. Whereas standalone LLMs and RAG excel at narrow, reactive tasks, modern enterprise and societal needs
demand systems that can pursue goals, maintain context, reason across steps, and orchestrate tools dynamically.

AAI represents a fundamental paradigm shift in strategic operations. These systems integrate core information sys-
tems concepts such as autonomy and workflow logic with the advanced intelligence of LLMs. By incorporating the
foundations of computational linguistics, AAI moves beyond narrow, single-step applications. The emerging eco-
system uses modular architectures that can range from lightweight agents for bounded workflows to heavyweight
systems for enterprise-scale coordination. This transition moves organizations away from reactive assistance toward
proactive collaboration. It replaces isolated tasks with end-to-end automation. Ultimately, this shift evolves organi-
zational praxis from human-orchestrated pipelines to increasingly autonomous operations.

The convergence of computational linguistics, NLP, and generative Al within agentic frameworks represents a stra-
tegic evolution capable of capturing enormous value that discrete task automation cannot reach. The surrender of
human oversight to autonomous agency introduces profound systemic vulnerabilities. In this high-stakes environ-
ment, interpretability loss and alignment drift cease to be mere technical glitches; they become existential threats to
institutional integrity, mandating an uncompromising architecture of sociotechnical governance.

The strategic path forward lies in the synthesis of these technologies. We need agentic architectures that transform
linguistic intelligence into reliable autonomous action. Systems that support and strengthen human judgment rather
than replace it. In this paradigm, language serves as the interface, whereas agency functions as the operating
system, translating prompts into plans, and intelligence into accountable, outcomes-driven action at scale. Language
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frames the intent while agency captures the value. Yet, as we turn prompts into plans and intelligence into autono-
mous action, the finish line is only a victory if ethically steered toward win-win outcomes. In an era of expanded
systemic risk and distributed agency, success cannot simplistically be determined by the speed of execution or a “I
got here first” mindset, but by innovative and sustainable value creation, human enhancive Al based governance
and stakeholder co-creation, that ensure that the future we are developing will lead to a better world for all.
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ABSTRACT

Vector databases are a critical component of modern RAG systems, yet their scale performance
characteristics are not sufficiently characterized. This paper evaluates the scalability, latency,
throughput, and operational stability of seven widely used production vector databases such as
FAISS, Chroma, Qdrant, Weaviate, Milvus, OpenSearch, and PGVector-across corpus sizes rang-
ing from 175 to 2.2 million vector chunks, to provide practical guidance for system selection under
real-world constraints.

We conducted a controlled benchmarking study using N = 10 independent trials per configuration.
Query latency, throughput, ingestion performance, retrieval quality, and resource utilization are
measured under consistent hardware, workload, and indexing settings. All databases are evaluated
using identical embeddings and Top-k retrieval parameters, with cold-start conditions enforced to
eliminate cross-run caching effects. Variability is quantified using standard deviation and coefficient
of variation to assess performance stability. Statistical outliers identified using modified Z-score
methodology (threshold: |Z] > 3.5) are removed to distinguish transient cold-start behavior from
steady-state performance.

The results reveal distinct performance regimes across systems and a critical cold-start phenom-
enon. Chroma exhibits near-constant-time query behavior (= 0.02), achieving a latency of 7.7-8.4
ms and supporting up to 141 queries per second at medium scale. Chroma achieves exceptional
consistency (CV = 2.3% after removing 2 cold-start outliers, 8.8 x improvement over raw variance).
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PGVector with HNSW indexing achieves sub-10 ms latency and more than 100 queries per second
at the 50k scale, outperforming all dedicated vector databases except Chroma. FAISS demonstrates
strong sublinear scaling (¢ = 0.48) up to 2.2 million chunks with low variability (CV = 2.5%). We
further quantify an HNSW warm-up effect, observing latency reductions of up to 74% as corpus
size increases from 1k to 50k chunks. Most significantly, N = 10 sampling with outlier removal
reveals dramatic improvements in ingestion consistency: Qdrant CV 123% — 1.0% (122x
improvement), Weaviate 107% — 0.8% (133 x improvement), OpenSearch 93% — 0.4% (232x
improvement). Resource analysis shows similar memory footprints (12—-16 GB) across systems.
Together, these findings clarify scalability limits, performance trade-offs, and the critical role of
cold-start transient detection in vector database benchmarking.

Keywords vector databases, performance benchmarking, retrieval-augmented generation (RAG), hierarchical
navigable small world (HNSW), scalability analysis, query latency and throughput, outlier detection, cold-start
phenomena.

1. Introduction

Vector databases have rapidly emerged as core infrastructure for modern artificial intelligence (AI) systems (Xie
et al. 2023; Jing et al. 2025). Applications such as retrieval-augmented generation (RAG) (Lewis et al. 2020),
semantic search, recommendation systems, and production machine learning pipelines increasingly depend on effi-
cient and predictable nearest-neighbor retrieval (Sakar and Emekci 2025). Despite their growing importance, practi-
tioners face significant uncertainty when selecting an appropriate vector database. Key system characteristics—
including query latency, throughput, ingestion cost, consistency, persistence guarantees, and memory behavior—
vary widely across implementations and deployment scales.

Existing benchmarking studies often evaluate relatively small corpora (typically fewer than 100k vectors), rely on
single experimental runs without statistical validation, and omit detailed analysis of resource utilization and perfor-
mance variance. Consequently, critical questions surrounding scalability, reliability, and production readiness
remain insufficiently explored, particularly for deployments operating at million-scale corpus sizes. While tools
such as approximate nearest neighbor (ANN)-Benchmarks and VectorDBBench have contributed to the evaluation
of ANN algorithms and vector databases, they primarily emphasize retrieval accuracy and indexing performance. In
contrast, our study extends this body of work by incorporating repeated trials (N = 10), modified elimination of out-
liers of the Z-score, and systematic analysis of cold-start behavior and resource dynamics on scales up to 2.2 million
vector factors essential for real-world deployment and operational consistency.

This study directly addresses these limitations and expands the state of the art in three fundamental ways: First, we
perform our benchmarking analysis across four orders of magnitude from 175 to 2.2 million chunks extending prior
work that maxes out at 100k vectors. This validates scaling behavior at production scales where single-node
memory constraints, Hierarchical Navigable Small World (HNSW) graph maturation effects, and performance deg-
radation become critical to deployment decisions. Second, we enforce a rigorous N = 10 independent experimental
protocol with complete database re-initialization per run, eliminating cross-run caching effects and capturing true
run-to-run variability. We employ modified Z-score outlier detection to distinguish transient cold-start behavior
from steady-state performance, quantifying consistency via coefficient of variation (CV). This extended sampling
reveals that apparent “poor consistency” reflects database initialization overhead rather than algorithmic instability.
We provide significant reproducibility through publicly released code, configurations, and raw data. Third, we con-
duct novel operational analyses, absent from prior benchmarks: characterization of HNSW “warm-up” effects (up
to 74% latency reduction from 1k to 50k chunks due to graph maturation), identification of retrieval quality para-
doxes (U-shaped quality curves across scales), and measurement of the cold-start phenomenon (dramatic CV
improvements after outlier removal: Qdrant 122x, Weaviate 133x, OpenSearch 232x). These insights directly
inform deployment decisions beyond raw throughput metrics.

Index Structure Context: HNSW and Flat Indexes. A critical architectural distinction underlies vector database
performance: the choice between ANN graph-based indexes and exact flat indexes. HNSW is a state-of-the-art ANN
algorithm that constructs a multilayered proximity graph over vector space, enabling logarithmic-time nearest
neighbor search (O(logn) complexity) at the cost of 2-3x memory overhead and approximate recall. HNSW domi-
nates production deployments for latency-sensitive applications at medium scales (10k—500k vectors). In contrast,
flat indexes (e.g., FAISS’s IndexFlatIP) perform exhaustive linear search (O(n) theoretical complexity) but achieve
sublinear practical performance (o =~ 0.48) through SIMD vectorization and offer 100% exact recall. The trade-off
between these index structures-and how they scale with corpus size, available memory, and consistency require-
ments is fundamental to selecting an appropriate vector database for production deployments.
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This work seeks to address the following research questions:

1. RQ1 (Scalability): How do production vector databases scale from hundreds to millions of vector chunks
with respect to query latency and throughput?

2. RQ2 (Consistency and Reliability): What is the run-to-run variance in ingestion and query workloads, and
how does this variability impact service-level agreement (SLA) planning and total cost of ownership
(TCO)?

3. RQ3 (Resource Efficiency): What are the CPU and memory footprints during query and ingestion work-
loads across scales, and how do these resource constraints limit single-node deployments?

4. RQ4 (Architectural Trade-offs and Quality): How do index structures and system architectures (e.g., flat
vs HNSW, embedded vs client-server) affect performance, retrieval quality, and practical deployment
decisions?

This study benchmarks seven vector database systems: FAISS (Meta Al Research 2024), Chroma (Huber and Troy-
nikov 2024), Qdrant (Zayarni and Vasnetsov 2024), Weaviate (van Luijt and Dilocker 2024), Milvus (Zilliz
2024a), OpenSearch (OpenSearch Project Authors 2024), and PGVector (Kane 2024) across nine corpus sizes rang-
ing from 175 to 2.2 million chunks. All experiments follow a reproducible statistical protocol with N = 10 inde-
pendent runs per configuration. We employ sentence-transformer embeddings of 384 dimensions with a fixed
chunking strategy of 512 characters and a 50-character overlap.

We measure median query latency (P50), query throughput (QPS), ingestion time, and resource utilization, sam-
pling CPU and memory usage at a frequency of 1 Hz. Each experimental run uses a fresh database initialization to
capture true run-to-run variability. Statistical outliers identified using modified Z-score methodology (threshold:
|Z| > 3.5) are removed prior to aggregate statistics. All scripts, configurations, and raw experimental data are pub-
licly available Kwaai Al Lab (2025) to support reproducibility.

1.1 Related Work

Benchmarking vector search systems has received increasing attention, as vector databases have become core infra-
structure for RAG, semantic search, and recommendation systems. Prior work can be broadly classified into
algorithm-level benchmarks, system-level database benchmarks, cloud vendor evaluations, and foundational vector
search studies.

Algorithm-Level Benchmarks. ANN-Benchmarks Aumiiller et al. (2020) established a community standard for
evaluating ANN algorithms such as HNSW, IVF, and PQ on standardized datasets. These benchmarks provide val-
uable insight into algorithmic trade-offs between recall, latency, and memory usage. However, they focus exclu-
sively on algorithm implementations rather than production-ready database systems and do not account for
persistence, concurrency, ingestion pipelines, or operational overheads.

Foundational ANN research includes HNSW (Malkov and Yashunin 2020), FAISS (Johnson et al. 2019), ScaNN
(Guo et al. 2020), and DiskANN (Subramanya et al. 2019), which explore graph-based and scalable quantization
approaches for high-dimensional vector search. Although these studies advance algorithmic efficiency, they do not
address end-to-end system behavior under realistic deployment constraints.

System-Level Vector Database Benchmarks. VectorDBBench Zilliz (2024b) represents one of the first industry-
led efforts to benchmark multiple vector databases, including Milvus and related systems. Although it provides
useful comparative information, it relies primarily on single-run measurements (N = 1) without statistical validation
or outlier analysis, limiting its ability to distinguish steady-state performance from transient cold-start effects. In
addition, its scale range evaluated is narrower than that required for many production deployments.

Cloud Vendor Evaluations. Several cloud providers have published performance studies of proprietary vector
search services, including Pinecone (Pinecone 2023), AWS OpenSearch (Amazon Web Services 2023), and Azure
Cognitive Search (Microsoft Azure 2023). These evaluations focus on managed, closed-source platforms and often
lack reproducibility due to undisclosed configurations, proprietary optimizations, and opaque workload
assumptions.

Positioning of This Work. Our study complements and extends previous benchmarks by focusing on system-level
performance of open-source production databases under a statistically rigorous experimental protocol. Unlike
ANN-Benchmarks, we evaluate complete database systems rather than isolated algorithms. In contrast to Vec-
torDBBench and cloud vendor studies, we employ N = 10 independent runs per configuration with modified Z-
score outlier detection to separate cold-start transients from steady-state behavior.
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Table 1: Comparison with existing vector search benchmarks.

Benchmark Scale Runs Databases Resource Analysis
ANN-Benchmarks Algorithm-level 1 Algorithms No
VectorDBBench 100k—10M 1 5 Limited
Cloud Vendor Studies Variable 1 Proprietary No

This Work 175-2.2M 10 7 Yes

Table 1 summarizes how this work compares with existing benchmarks. Specifically, this work contributes: (1) the
first statistically validated (N = 10) benchmark across seven production vector databases, (2) a broader evaluated
scale range (175 to 2.2 million vectors), (3) rigorous outlier detection and consistency analysis, (4) comprehensive
CPU and memory utilization measurements, and (5) novel empirical characterization of HNSW warm-up effects
and retrieval quality dynamics across scale.

1.2 Key Contributions

e A publicly available benchmark suite (Kwaai AI Lab 2025) and a dataset that spans four orders of magnitude
in corpus size with N = 10 statistical validation and rigorous outlier detection using modified Z-score
methodology.

e We construct a quantitative taxonomy that maps seven production vector databases to practical deployment
scenarios, including latency-critical real-time RAG, large-scale workloads, and enterprise feature require-
ments (Section 4.2).

e We characterize a behavior in HNSW-indexed systems that, to the authors’ knowledge, has not been docu-
mented before in the literature at the time of this study, where query latency improves by up to 74% as
corpus size increases from 1k to 50k chunks due to graph maturation effects (Section 3.2).

e We identify a counterintuitive U-shaped retrieval quality trend, with the lowest quality at approximately 1k
chunks and a subsequent improvement of 27.5% by 50k chunks, followed by saturation beyond 250-500k
chunks (Section 3.5).

e We demonstrate a critical cold-start phenomenon: N=10 sampling reveals that apparent poor consistency
reflects initialization transients, not algorithmic instability. Multipass outlier cleaning shows dramatic
improvements: Qdrant 123% — 1.0% CV (122x improvement), Weaviate 107% — 0.8% (133 x improve-
ment), OpenSearch 93% — 0.4% (232 x improvement) (Section 3.3).

e We establish memory-bound scaling ceilings for vector databases, showing that HNSW-based systems satu-
rate at approximately 1-2M chunks under 16 GB RAM due to graph overhead, while flat indexes such as
FAISS scale substantially further under identical hardware constraints (Section 4.2).

1.3 Organization of the Paper

The paper is organized as follows. Section 2 describes the experimental methodology, including corpus preparation,
the N = 10 statistical evaluation protocol, query and ingestion benchmarks, resource monitoring and data analysis
methods. Section 3 presents the experimental results, covering query latency scaling, throughput behavior, ingestion
performance, resource utilization and retrieval quality. Section 4 discusses architectural insights, system-level trade-
offs and practical deployment implications derived from the results. Section 5 concludes the paper by summarizing
key findings and performance implications. Section 6 outlines limitations including sample size variation and scale
restrictions. Section 7 outlines directions for future work, including distributed scaling, GPU acceleration, hybrid
retrieval workloads and expanded quality evaluation metrics.

1.4 Multidatabase Scaling Performance Comparison

Figure 1 presents a comprehensive comparison of multidatabase scaling performance across seven production
vector databases, with all results obtained using N = 10 repeated measurements with outlier removal. Figure 1(a)
illustrates query latency as a function of corpus size with power-law fits. FAISS exhibits sublinear latency scaling
(o = 0.48), indicating efficient growth in query time even at large corpus sizes, while Chroma demonstrates near-
constant-time performance (z = 0.02). PGVector similarly maintains effectively constant latency across the
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Multi-Database Scaling Performance Comparison (N=10 Statistical Rigor)
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Figure 1: Multidatabase scaling performance comparison (N = 10, outliers removed).

evaluated scales, largely due to HNSW warm-up effects as the index structure matures. Error bars denote *1a,
highlighting run-to-run performance variability.

Figure 1(b) shows query throughput across corpus sizes, where Chroma consistently achieves the highest
throughput, sustaining 141 QPS across scales. PGVector also demonstrates strong performance, exceeding 100
QPS at the 50k corpus size, while FAISS maintains over 90 QPS even at the largest evaluated scale of 2.2 million
chunks.

Ingestion performance is shown in Figure 1(c), plotted on a log-log scale. FAISS is the fastest ingestion pipeline
across all corpus sizes, reflecting its flat index design, while among HNSW-based systems, Chroma achieves the
lowest ingestion times.

Finally, Figure 1(d) examines ingestion throughput stability using CVs. Both PGVector and FAISS exhibit excep-
tional consistency, with CV values of 1.4% and 2.5%, respectively. Critically, after outlier removal, Qdrant, Weavi-
ate, and OpenSearch demonstrate substantially improved consistency (CV 0.4-1.0%), revealing that raw variance
estimates overstate steady-state instability.

2. Methods

2.1 Experimental Design Overview
2.1.1 Corpus Preparation

The evaluation corpus consists of climate science articles sourced from publicly available references and selected to
provide realistic document lengths and semantic structure for retrieval workloads. Documents were segmented
using a fixed-size chunking strategy with a chunk length of 512 characters and a 50-character overlap to preserve
semantic continuity across chunk boundaries.

We evaluated eight corpus sizes spanning over four orders of magnitude: 175, 1k, 10k, 50k, 100k, 500k, 1M, and
2.2M chunks. All chunks were embedded using the sentence-transformers/all-MiniLM-L6-v2 model (Reimers and

11
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Gurevych 2019), producing 384-dimensional float32 embeddings. This configuration reflects a commonly deployed
embedding setup in production RAG systems.

2.1.2 Statistical Protocol (N = 10 with Outlier Detection)

Each experimental configuration was evaluated using N = 10 fully independent runs. Independence was enforced
by completely reinitializing the database instance and rebuilding all indexes for each run, ensuring cold-start condi-
tions and eliminating cross-run caching or state persistence effects. All metrics reported are presented as u=*lao,
where u is the mean and o is the standard deviation. To quantify relative variability, we compute the CV as
(a/p) x 100%. All visualizations include error bars corresponding to *1a.

Statistical outliers are identified using the modified Z-score method (threshold: |modified Z-score| > 3.5) and
removed prior to aggregate reporting to distinguish transient cold-start behavior from steady-state operational per-
formance. This approach is more robust to non-normal distributions than standard Z-scores.

We selected N = 10 as a balance between statistical confidence and computational feasibility, allowing outlier detec-
tion and stable CV quantification.

2.2 Query Benchmark Protocol

Query performance was evaluated using a fixed set of 10 semantically relevant test queries derived from the domain
of the evaluation corpus. Queries were designed to reflect representative information needs within climate science
and to ensure the presence of relevant content in the corpus (see Appendix A for details on query construction and
validation).

All databases were evaluated using Top-K retrieval with K = 3 nearest neighbors. Each benchmark run consisted
of a warm-up phase followed by a measurement phase. During warm-up, five queries were executed and excluded
from analysis to mitigate cold-start effects, including cache initialization and index warming. Following warm-up,
the full set of 10 queries was issued and performance metrics were recorded.

The following metrics are reported:

e Latency: Median (P50) end-to-end query latency measured in milliseconds.
e Throughput: Sustained query throughput, measured in queries per second (QPS).

¢ Retrieval Quality: Relative semantic similarity between queries and retrieved results, computed using
cosine similarity in the shared embedding space.

Retrieval quality is reported as a relative metric intended for comparative evaluation across databases under identi-
cal experimental conditions. Absolute information retrieval effectiveness metrics (e.g., Precision@K, Recall@K,
NDCG, MRR) are not reported due to limited number of test queries and scale of the study.

2.3 Ingestion Benchmark Protocol

Data ingestion performance was evaluated by ingesting the full corpus for each scale in a single batch per run.
Ingestion time was measured as wall-clock time from the start of insertion until completion.

Reported ingestion metrics include:

o Total ingestion time: Seconds required to ingest the entire corpus

total _chunks

e Ingestion throughput: Chunks per second, computed as % =<2t

e Consistency: CV across N = 10 runs

2.4 Resource Utilization Monitoring

System resource utilization was monitored during query execution using the Python psutil library (https://psutil.
readthedocs.io/en/latest/). CPU utilization (%) and memory consumption (MB) were sampled at a frequency of
1 Hz throughout the measurement phase. For each run, resource metrics were aggregated by averaging samples col-
lected during query execution. This approach captures steady-state resource behavior while avoiding transient initi-
alization effects.
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2.5 Hardware and Software Environment
2.5.1 Hardware Configuration

All experiments were conducted on a single-node system with the following specifications:

e CPU: Apple Silicon M2 Max (ARM64, 12-core)

e RAM: 32 GB unified memory (16 GB allocated to benchmark workloads)

e Storage: SSD with more than 500 GB of available space

¢ Containerization: Docker configured with a 16 GB memory limit and 4 dedicated CPU cores
e Memory Bandwidth: 400 GB/s unified memory architecture

2.5.2 Software Stack

The software versions used in this study are listed in Table 2.

Table 2: Software stack and evaluated vector database versions.

Component Version/Details
Operating System macOS 14.x (Darwin)
Python 3.9 or higher
Docker & Docker Compose 24 x

FAISS 1.7.4
Chroma 0.4.x

Qdrant 1.7x
Weaviate 1.23.x

Milvus 2.3.x
OpenSearch 2.11.x
PGVector PostgreSQL 15 + PGVector extension

2.6 Database Configurations

All databases were configured using default, production-recommended settings to ensure a fair and representative
comparison.

e FAISS: IndexFlatIP (inner product), operating fully in memory with no persistence. Exact nearest neighbor
search was used, yielding 100% recall.

e Chroma: HNSW index with default parameters (M = 16, ef _construction = 200), using embedded local
file-based persistence in persistent client mode.

e Qdrant: HNSW index with default production settings, persistent storage with write-ahead logging and
cosine similarity as the distance metric.

o Weaviate: HNSW index with default parameters, persistent storage and gRPC-based client communication
for optimized transport.

e Milvus: HNSW index deployed in standalone (single-node) mode, utilizing Milvus’s distributed storage layer.

e OpenSearch: k-NN plugin with an HNSW backend, using Lucene-based storage integrated with vector
search extensions.

e PGVector: PostgreSQL extension using HNSW indexing for ANN search, deployed on a single-node Post-
greSQL instance with default configuration parameters.

2.7 Data Analysis Methods
2.7.1 Power-Law Regression for Latency Scaling

To characterize query latency scalability, we model latency as a power-law function of corpus size:

log(latency) = o - log(corpus size) + f§ (1)

13
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where o represents the scaling exponent and f§ denotes the baseline performance constant. The exponent o serves as
an indicator of algorithmic complexity, interpreted as follows:

o o = 0: Constant-time behavior O(1)
e o < I: Sublinear scaling (efficient growth)
e o = 1: Linear scaling O(n)

Model fitting is performed using second-degree polynomial regression in log-log space to capture minor curvature
effects while preserving interpretability. Regression trend lines are overlaid on empirical scatter plots, with error
bars representing * 1 standard deviation (*1¢) across N = 10 runs.

2.8 Consistency Analysis Using CV

Performance stability is quantified using the CV, defined as:

CV = (a/u) x 100% (2)
where ¢ is the standard deviation and p is the mean across N = 10 independent runs (after outlier removal). CV
values are interpreted according to the following thresholds:

e CV <10%: Excellent consistency, suitable for tight SLAs
e CV 10-20%: Acceptable production-level consistency
e CV >20%: High variability, requiring conservative capacity planning

These classifications are used to assess operational risk and the potential 7CO impact arising from over-
provisioning.

2.9 Outlier Detection Using Modified Z-Score

Statistical outliers are identified using the modified Z-score method:

0.6745(x — median)

Modified Z-score = MAD (3)

where MAD is the median absolute deviation.

Unlike standard Z-scores that rely on the mean and standard deviation, this approach is robust to skewed and
heavy-tailed distributions commonly observed in performance benchmarking data. The modified Z-score is a well-
established technique in robust statistics and is recommended for identifying anomalous observations in noisy data-
sets, including those with substantial variability (Iglewicz and Hoaglin 1993).

Observations with an absolute modified Z-score greater than 3.5 are classified as outliers and excluded from sum-
mary statistics prior to reporting. The threshold of 3.5 is explicitly recommended in the literature as a balanced
cutoff point that avoids over-filtering legitimate tail behavior (as may occur with a threshold of 3.0), while still
detecting meaningful anomalies that could be missed by more conservative thresholds such as 4.0 (Iglewicz and
Hoaglin 1993). This choice enables the isolation of steady-state system performance by separating transient effects-
such as cold-start latency, cache warming, and index construction-from sustained operational behavior.

2.10 Error Propagation for Derived Metrics

For metrics derived from measured quantities, such as ingestion throughput (chunks per second), uncertainty is
propagated from the underlying measurements. Specifically, ingestion throughput is defined as:

chunks

throughput = 4)

time

with associated uncertainty:

time time

chunks Otim
Othroughput — ( ) X ( : e) (5)

This approach ensures that reported error bars accurately reflect uncertainty in computed metrics rather than raw
measurements alone.
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2.11 Retrieval Quality Metrics

Retrieval quality is evaluated using cosine similarity between query embeddings and retrieved vectors. We report:

e Average Similarity: Mean cosine similarity across the Top-K retrieved results
¢ Top-1 Similarity: Highest similarity score per query

Similarity scores are normalized to the [0, 1] range using database-specific conversions:

e Cosine-based databases:sim = 1 — distance
e FAISS (L2 distance): sim =

1
1+distance

All similarity metrics are computed automatically on a per-query basis and aggregated across runs to ensure consist-
ent and reproducible quality evaluation.

2.12 Experimental Protocol Workflow

For each database and each corpus size, the following experimental workflow is executed:

Initialize a fresh database instance

Ingest the entire corpus in a single batch and record ingestion time

Pause execution for 60 seconds to allow system stabilization

Execute 5 warm-up queries (results discarded)

Execute 10 measured queries and record latency, throughput and retrieval quality
Sample CPU and memory utilization at 1 Hz during the query phase

Record all metrics

Repeat steps 1-7 for N = 10 independent runs

Identify outliers using modified Z-score (threshold: [Z] > 3.5)

Aggregate results by computing mean, standard deviation (¢) and CV

e A o

_
e

2.13 Reproducibility and Code Availability

The complete benchmark suite, including database adapters, experimental scripts and analysis pipelines, is publicly
available in a GitHub repository Lab (Kwaai AI Lab 2025). Raw experimental results are stored in structured JSON
format at results/directory.

3. Results

3.1 Query Latency Scaling

Table 3 summarizes the latency scaling exponents and performance ranges for all evaluated databases. Chroma
achieves exceptional near-constant-time behavior (= 0.02), maintaining 7.7-8.4 ms latency at the 50k scale, with
consistently low latency across all tested scales from 175 to 50k chunks. This reflects highly optimized HNSW
implementation with efficient memory access patterns and minimized graph traversal overhead.

Table 3: Latency scaling exponents and performance ranges (N = 10, outliers removed).

Database o Latency (ms) Scaling Class
Chroma 0.02 7.7-8.4 Near-constant
PGVector 0.00 9.9-11.0 Constant
Qdrant 0.30 14.9-27.8 Sublinear
Weaviate 0.35 25.6-29.0 Sublinear
Milvus 0.40 26.3-41.8 Sublinear
FAISS 0.48 7.9-58.2 Sublinear
OpenSearch N/A 34.1-58.4 High variance

N = 10 independent runs per configuration; outliers removed using modified Z-score (|Z| > 3.5).
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FAISS exhibits sublinear scaling (¢« = 0.48) and is the only system validated to 2.2M chunks with full N = 10 statisti-
cal rigor. Despite flat index O(n) theoretical complexity, SIMD optimizations achieve sublinear practical performance.

AIl HNSW databases demonstrate the warm-up phenomenon:

e Chroma: 30.4 ms (1k) — 7.5 ms (50k) = 74% reduction

e PGVector: 13.3 ms (1k) — 9.9 ms (50k) = 26% reduction

e Qdrant: 18.7 ms (1k) — 27.8 ms (50k) after 41.8 ms peak at 10k

o Weaviate: 25.6 ms (1k) — 29.0 ms (50k) after 40.1 ms peak at 10k

OpenSearch shows high baseline (48 ms) with extreme variance (CV = 39%) and incomplete testing (failed beyond
10k chunks due to timeout issues).

3.2 Throughput and HNSW Warm-Up Mechanism

As shown in Table 4, Chroma sustains 124—-141 QPS across all scales (peak of 141 QPS at baseline, 124 QPS at
50k). FAISS starts at 90+ QPS and demonstrates predictable degradation as corpus size scales to 2.2M chunks.
PGVector delivers 101 QPS at 50k scale, second only to Chroma and outperforming all dedicated vector databases
except Chroma. Qdrant provides consistent 60—70 QPS across scales, ideal for production capacity planning.

Table 4: QPS across corpus scales (N = 10).

Database 1k 10k 50k 2.2M Max
Chroma 127 127 124 - 141
FAISS 96 86 58 17 124
PGVector 78 105 101 - 101
Qdrant 54 69 62 - 69
Weaviate 39 35 32 - 39
Milvus 37 38 24 - 38
OpenSearch 17 29 - - 29

Mean QPS after modified Z-score outlier removal (|Z| > 3.5); 1k and 10k: N = 8, 50k: N = 10.

HNSW Warm-Up Mechanism: Small HNSW graphs (< 10k nodes) suffer from:
1. Poor layer distribution: Insufficient nodes for optimal hierarchical structure (typical 2-3 layers instead of
optimal 6-7)
2. Sparse connectivity: Few long-range edges lead to suboptimal routing paths
3. High variance: Random initialization effects dominate performance in small graphs

At 50k+ chunks, graphs mature with:

1. Balanced hierarchy: Multiple layers with proper node distribution (67 layers)
2. Rich connectivity: Sufficient long-range edges enable efficient long-distance navigation
3. Stable performance: Graph structure converges to theoretical optimum

This counterintuitive latency reduction, despite larger corpora, arises from HNSW graph maturation. Throughput-
latency correlation is strong: databases with lower latency consistently deliver higher QPS.

3.3 Ingestion Performance and Consistency

Table 5 presents the CV before and after outlier removal for all systems. The N = 10 protocol with outlier detection
reveals that databases exhibiting high raw variance (Qdrant CV = 123%, Weaviate CV = 107%, OpenSearch CV =
93%) achieve exceptional consistency (CV = 0.4—1.0%) after removing cold-start initialization outliers. PGVector
and FAISS maintain consistently low variance throughout all runs. After outlier removal, all systems achieve
acceptable consistency for production SLAs.
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Table 5: Ingestion consistency: CV before/after outlier removal (N = 10, 50k chunks).

Database CV Before CV After Improvement Production Impact
PGVector 1.4% 1.4% - Exceptional-tightest SLAs
FAISS 2.5% 2.5% - Excellent-precise planning
Chroma 20.2% 2.3% 8.8% Excellent-tightest SLAs
Qdrant 123% 1.0% 122x Exceptional after cleaning
Weaviate 107% 0.8% 133x Exceptional after cleaning
Milvus 18.9% 18.9% - Moderate

OpenSearch 93 % 0.4% 232X Excellent after cleaning

50k corpus: N = 10 — N = 8 after removing 2 cold-start outliers (1112 s, 2064 s); typical steady-state 800-850 s.

3.3.1 TCO Impact

Target 50k chunk ingestion within 30-minute batch window:

e PGVector (CV = 1.4%, mean = 24.1 min): Need 24.4-min capacity — 1.01 x buffer

e FAISS (CV =2.5%, mean = 20.5 min): Need 21-min capacity — 1.02x buffer

e Qdrant post-clean (CV = 1.0%, mean = 23.9 min): Need 24.2-min capacity — 1.01 x buffer

e OpenSearch post-clean (CV = 0.4%, mean = 24.5 min): Need 24.6-min capacity — 1.00x buffer

After outlier removal, infrastructure over-provisioning converges across systems, eliminating apparent 2x penalties
attributed to high-variance systems.

Chroma achieves best HNSW ingestion time (13.7 min for 50k), 2x faster than Qdrant/Weaviate. Milvus ingestion
reaches 40.6 min due to distributed architecture overhead.

3.4 Resource Utilization

CPU Utilization: Figure 2(a) shows that average CPU utilization during query execution ranges from 16-25%,
with no direct correlation between CPU usage and performance. Chroma utilizes the highest CPU (25%) while
delivering the fastest queries (6—8 ms), whereas OpenSearch exhibits the lowest CPU utilization (16%) but the high-
est latency (35-60 ms). Higher CPU utilization reflects efficient algorithmic intensity rather than overhead.

Memory Footprint: As shown in Figure 2(b), memory usage remains remarkably consistent at 12-16 GB across
all databases during query execution (175-50k chunks). PGVector is the most memory-efficient (9.9 GB), while
OpenSearch exhibits the highest footprint (15.5 GB). Memory does not scale dramatically with corpus size, indicat-
ing efficient HNSW graph representations. Typical HNSW overhead is 2-3x per vector.

(a) CPU Utilization During Query Operations {660 (b) Memory Consumption During Query Operations
- — FAISS — FAISS e
== Chroma == Chroma |
-+ Qdrant «++ Qdrant
—  Weaviate —  Weaviate
60 — Milvus 1000 e Milvus
= = OpenSearch j OpenSearch
—— PGVector -

12000  PB..soszzsasa

10000

CPU Usage (%)
Memory Usage (MB)

8000

6000

10 10" 10° 10° 10 10" 10° 10
Corpus Size (chunks) Corpus Size (chunks)

Figure 2: CPU and memory utilization during query execution across all evaluated vector databases.
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This predictable footprint constrains single-node deployments: 16 GB RAM supports approximately 1-2M chunks
for HNSW and >5M chunks for FAISS flat indexes. OpenSearch’s low CPU utilization combined with high latency
suggests architectural bottlenecks (e.g., I/O serialization, JNI boundaries, and Lucene segment management) rather
than computational inefficiency.

Note: OpenSearch is omitted from the resource utilization plots in Figure 2 because valid CPU utilization data
were available for only one of the three evaluated corpus sizes. The plotting procedure requires a minimum of
three data points to generate trend lines and therefore OpenSearch could not be included.

3.5 Retrieval Quality Paradox

Table 6 details the similarity scores across corpus scales. Quality follows counterintuitive U-shaped curve. Worst
retrieval quality occurs at 1k chunks (0.500 similarity-27% lower than baseline). From 1k to 50k, quality recov-
ers 27.5%, nearly reaching baseline performance. Beyond 250k chunks, similarity stabilizes at 59.7% (FAISS)/
64% (HNSW), indicating semantic saturation and embedding model resolution ceiling.

Table 6: Similarity scores reveal U-shaped quality curve across scales (N = 10).

Corpus Scale Chunks Average Similarity Change from 1k
Baseline 175 0.688 + 0.002 +37.6%
Quality Valley 1,000 0.500 = 0.003 baseline (worst)
Recovery Phase 10,000 0.571 = 0.002 +14.1%
Peak Recovery 50,000 0.638 = 0.002 +27.5%
Saturation Begins 100,000 0.588 = 0.003 +17.6%
Plateau Region 250k—-1M 0.595-0.597 +19.4% (saturates)

N = 10 runs; outliers removed prior to similarity aggregation.

Mechanism: HNSW graph maturation drives quality recovery:

e lk-node graphs: Sparse hierarchical structure (2-3 layers) with poor long-range connectivity
¢ 50k-node graphs: Mature structure (6—7 layers) with rich navigation enabling efficient multihop traversal

e Semantic space coverage: Larger corpora provide denser embedding space sampling, reducing boundary
effects

Cross-Database Consistency: All HNSW-based databases return virtually identical similarity scores (variance <
0.0001):

e Chroma, PGVector, Qdrant, Weaviate, Milvus, OpenSearch: 0.638145 (50k corpus, k = 3)
o FAISS (L2 distance): 0.582615 (8.7% lower due to metric difference, not quality)

Critical implication: Retrieval quality is architecture-invariant across HNSW implementations. Selection should pri-
oritize performance, features and consistency—not quality differences.

Production Guidance: Deploy minimum 10k chunks to avoid quality valley. Quality gains saturate at 250-500k
chunks per shard-use horizontal sharding beyond this point rather than expanding single-shard corpus.

4. Discussion

4.1 Architectural Insights
Embedded versus Client-Server Architecture:
Embedded (Chroma, FAISS):

e Advantages: Lower latency (7.7-8.4 ms vs 15-30 ms), higher throughput (141 QPS vs 30-70 QPS), no net-
work serialization overhead
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¢ Disadvantages: Single-process bottleneck, no horizontal scaling, no multitenancy, resource contention in
shared environments

e Use when: Latency-critical single-tenant applications with <10 ms SLA and <100k documents

Client-Server (Qdrant, Weaviate, Milvus, OpenSearch, PGVector):
e Advantages: Horizontal scaling, multitenancy with process isolation, production features (authentication,
monitoring, persistence), ACID guarantees (PGVector)
o Disadvantages: Network overhead (2—4 x latency penalty), serialization cost, operational complexity
e Use when: Scalable multitenant platforms with distributed deployment are feature requirements

Flat versus HNSW Index Trade-offs:

FAISS (flat index) achieves O(n) query time theoretically but O(n#®) practically through SIMD optimizations.
HNSW achieves O(log N) at cost of 2-3 x memory overhead. Crossover analysis:

e <10k chunks: Comparable performance (FAISS 10-12 ms, Chroma 6-9 ms)
e 10k—100k chunks: HNSW advantage grows (FAISS 20-30 ms, Chroma 7-8 ms)
e >1M single-node: FAISS only proven option (HNSW hits 1-2M memory ceiling at 16 GB)

FAISS excels in large-scale batch processing where absolute best latency unnecessary; HNSW dominates when
sub-20 ms latency required at medium scale (<500k chunks).

The OpenSearch Problem:

OpenSearch demonstrates poor performance across every metric: 35-60 ms latency (highest), 17-29 QPS (lowest),
and scaling failures beyond 345k chunks. Even after outlier removal improving CV from 93% to 0.4%, fundamental
performance gaps persist.

Root Cause: OpenSearch is fundamentally a full-text search engine (Lucene-based) with vector search added as a
plugin. This architectural mismatch creates multiple bottlenecks:

1. Storage inefficiency: Lucene segments optimized for inverted indexes, not dense vector layouts

2. JVM overhead: Garbage collection pauses create unpredictable latency variance

3. JNI bottleneck: Vector operations call native libraries via expensive Java Native Interface boundaries
4. Coordination overhead: Elasticsearch cluster management interferes with vector query execution

Recommendation: Avoid OpenSearch for vector-first workloads. Only acceptable for existing Elasticsearch
deployments adding small-scale auxiliary vector search (<10k vectors, <5% of queries) where ecosystem integra-
tion outweighs poor performance.

4.2 Use-Case Recommendations and Decision Framework

Table 7 maps primary requirements to recommended databases.

Table 7: Database selection by primary requirement and scale.

Use Case Recommended DB Key Metrics

Real-Time RAG (<10 ms) Chroma 7.7-8.4 ms, 141 QPS, CV =2.3%
PostgreSQL Stack PGVector 9.9 ms, 101 QPS, ACID, CV =1.4%
Large-scale (>100k chunks) FAISS 2.2M proven, CV = 2.5%, 90+ QPS
Enterprise Features Qdrant 28 ms, persistence, filtering, CV = 1.0% (post-clean)
Cost Optimization (>800k) FAISS 3.75x cheaper than HNSW

Selection Criteria:

Latency Requirement <10 ms: Chroma dominates (6—8 ms stable) for embedded use cases; PGVector excel-
lent (9.9 ms) for PostgreSQL ecosystem integration. Both maintain >100 QPS.
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Scale >100k Chunks: FAISS only proven single-node option to 2.2M chunks. Client-server HNSW systems
(Qdrant, Weaviate) untested beyond 100k; recommend for distributed deployments only.

Consistency Critical: PGVector (CV = 1.4%) and FAISS (CV = 2.5%) enable tight SLAs with minimal over-
provisioning. After outlier removal, Qdrant (CV = 1.0%) and Weaviate (CV = 0.8%) also achieve excellent
consistency. Treat consistency as first-class feature driving TCO.

PostgreSQL Integration: PGVector (second-best performance: 9.9 ms, 101 QPS) leverages existing SQL
infrastructure, ACID transactions and familiar PostgreSQL ecosystem. Overhead justified when PostgreSQL
already deployed for relational data.

Production Guidelines:

e Deploy HNSW with corpus >50k chunks for optimal warm-up maturation

e Minimum 10k chunks to avoid quality valley (0.500 at 1k — 0.638 at 50k)

e Shard at 250-500k chunks-quality and HNSW graph optimality saturate beyond

e Plan memory: 16 GB supports 1-2M chunks (HNSW), SM+ chunks (FAISS)

e Factor CV into capacity planning: post-outlier-removal CV reflects steady-state performance

5. Conclusion

This N = 10 statistical benchmark provides the first quantitative guidance for vector database selection across four
orders of magnitude (175-2.2M chunks), with rigorous outlier detection revealing the critical cold-start phenom-
enon. Our findings reveal distinct performance classes and architectural trade-offs:

Performance Leaders:

e Speed Champion: Chroma (7.7-8.4 ms, 141 QPS, o = 0.02 constant-time)
e Scale Champion: FAISS (proven to 2.2M chunks, o = 0.48 sublinear, CV =2.5%)
e Production Balanced: Qdrant (28 ms, 6070 QPS, features, CV = 1.0% post-clean)
o PostgreSQL Excellence: PGVector (9.9 ms, 101 QPS, ACID, CV = 1.4%)

Novel Discoveries:

1. Cold-start phenomenon: Extended N=10 sampling reveals inflated variance in small-sample benchmarks.
Qdrant 123% — 1.0% CV (122x improvement), Weaviate 107% — 0.8% (133 x improvement), Open-
Search 93% — 0.4% (232 x improvement) after outlier removal.

2. HNSW warm-up phenomenon: 74 % latency reduction from 1k to 50k chunks due to graph maturation

3. Retrieval quality paradox: U-shaped curve with worst quality at 1k chunks and 27.5% improvement by
50k

4. Consistency matters: Outlier removal reveals that apparent poor consistency reflects transient initialization,
not algorithmic instability

Architectural Insights:

e Embedded architecture delivers 2—4 x lower latency than client-server but lacks scaling
¢ Flat indexes (FAISS) outperform HNSW at >1M single-node scale
e OpenSearch architectural mismatch (Lucene-based) creates fundamental performance limitations

6. Limitations

While this study provides rigorous statistical characterization of vector database performance at single-node scale,
several limitations should be noted:
e Sample Size Variation: All databases were tested with N = 10 runs and formal outlier removal.

¢ OpenSearch Limited Scale Testing: OpenSearch experiments were restricted to corpus sizes up to 10k
chunks due to timeout failures at larger scales. This limitation prevents characterization of OpenSearch scal-
ing behavior beyond 100k chunks.
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o Conservative Outlier Removal: The modified Z-score threshold (|Z] > 3.5) was deliberately conservative
to avoid over-cleaning legitimate performance variation. As a result, some residual cold-start artifacts may
remain, particularly for high-variance systems.

¢ Single-Node Evaluation: All experiments were conducted on a single compute node with 16 GB RAM and
an Apple Silicon CPU. Distributed scaling behavior, GPU-accelerated variants, and cross-node communica-
tion overhead remain uncharacterized.

¢ Fixed Workload Profile: The evaluation used a fixed corpus of climate science documents with 512-
character chunks. The test queries distribution may not reflect real-world workloads with diverse semantic
patterns or adversarial queries.

¢ Index Parameter Standardization: All databases were evaluated using production-recommended default
settings. Extensive parameter tuning (e.g., HNSW M, ef _construction, ef _search) could substantially shift
performance characteristics.

7. Future Work

This study establishes statistically rigorous performance baselines for vector databases under single-node, CPU-
based workloads. Several important research directions remain open:

e Distributed Scaling: Extend benchmarks to multinode deployments for Qdrant, Milvus, and Weaviate to
evaluate horizontal scalability, network overhead and shard-level consistency.

¢ GPU Acceleration: Benchmark FAISS and HNSW variants with GPU support to quantify latency, through-
put and cost-efficiency improvements at multimillion scale.

e Larger-Scale Corpora: Evaluate performance beyond 2.2M chunks (10M+ vectors) to characterize
memory ceilings, index degradation and sharding strategies in production environments.

¢ Hybrid Search Workloads: Measure combined keyword + vector search performance to assess real-world
RAG and enterprise search scenarios.

¢ Concurrent Read/Write Patterns: Analyze query latency and consistency under mixed ingestion and
retrieval workloads to model real-time update behavior.

¢ Index and Parameter Tuning: Study IVF, PQ, and HNSW parameter trade-offs (e.g., ef _search, M) to
map accuracy-latency-memory frontiers.

¢ Expanded Quality Metrics: Incorporate IR-based evaluation metrics such as Recall@K, NDCG, and MRR
with document-level ground truth annotations.
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Appendix A: Test Query Construction and Semantic Relevance Validation
Query Construction

The evaluation queries were manually constructed to ensure semantic alignment with the corpus domain and to support consist-
ent cross-database evaluation. Query design followed three criteria:

1. Domain Coverage: Queries span multiple subdomains of climate science, including atmospheric processes, cryosphere
dynamics, ocean systems, climate modeling, and feedback mechanisms.

2. Corpus Relevance: Each query was verified to correspond to multiple relevant passages within the corpus, avoiding
out-of-domain or sparsely matched queries.

3. Complexity Variation: Queries range from single-concept factual questions to multiconcept explanatory queries.

The final query set consists of the following:

1. What are the main drivers of climate change?
How do greenhouse gases affect global temperatures?
What is the role of carbon dioxide in climate warming?
How do ice cores help us understand past climate?
What are the effects of deforestation on climate?
How does ocean acidification relate to CO, levels?
What is the impact of melting glaciers on sea levels?

How do climate models predict future warming?

D AL o

What are the feedback loops in the climate system?

_
e

How does solar radiation influence Earth’s climate?

The query set and corresponding corpus segments are publicly available for reproducibility.1

Ihitps:/github.com/Kwaai-Al-Lab/vector_dbs_benchmarking/blob/main/Data/test_corpus/test_cases.json
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Semantic Relevance Validation
Semantic relevance between queries and corpus content was established using a two-stage validation procedure:

1. Corpus Alignment: The corpus was curated exclusively from climate-science-focused documents, ensuring topical
alignment with the query domain.

2. Embedding-Space Verification: Queries were embedded using the same embedding model employed for database
indexing. Candidate corpus chunks were retrieved using cosine similarity, and manual inspection confirmed semantic
alignment between queries and the highest-ranked chunks.

This procedure ensures that each query exhibits meaningful semantic overlap with the corpus without relying on external rele-
vance labels.

Retrieval Quality Metric and Limitations

Retrieval quality is quantified using cosine similarity between query embeddings and retrieved chunk embeddings. This metric
provides a continuous signal suitable for relative comparison across vector databases when evaluated under identical query,
corpus, and embedding configurations.

However, cosine similarity does not yield absolute retrieval effectiveness measures. Standard Information Retrieval (IR) metrics,
such as Precision@K, Recall@K, NDCG, and MRR, require labeled relevance judgments and larger evaluation sets. Future
work should incorporate established benchmark datasets (e.g., MS MARCO, Natural Questions) to enable comprehensive evalu-
ation using standard IR metrics.
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ABSTRACT

Attificial intelligence (Al) is accelerating societal transformation at an unprecedented pace, generat-
ing both utopian aspirations and dystopian anxieties. Human civilization has undergone fundamental
changes through every technological revolution starting with the Industrial Age and continuing
through the digital era as Al emerges as the next paradigm shift. This paper studies the public dis-
course on Al by analyzing extensive news headlines on Al using natural language processing (NLP)
methods. Our research applies sentiment analysis and topic modeling to a global dataset across educa-
tion, healthcare, robotics, workforce, and society to identify the dominant narratives shaping public
perception. Media coverage presents Al as a dual force that brings human benefits and existential dan-
gers according to our research findings. By moving beyond the utopia-dystopia dichotomy, we show
that AT’s social effects will emerge from the dynamic relationship between governance systems, ethi-
cal protections, and Human-Enhancive Al (HEAI) frameworks. We provide practical insights about
AT’s future impact and present strategies for maximizing Al benefits while mitigating its risks.

24



JBDAI Vol. 4 No. 1, pp. 24-48/ 2026

Keywords artificial intelligence, natural language processing, sentiment analysis, large language models, news
headlines, Al narratives, Al ethics, education, healthcare, workforce.

1. Introduction

All technology has the potential for both good and evil. But what matters is how we use it.

—Tim Berners-Lee, Computer Scientist

1.1 Etymology of Utopia and Dystopia

For a long time, humanity has harbored a dual fascination with technological innovation, especially with the advent
of artificial intelligence (AI). This tension between hope and fear is mirrored in literature, which explores both uto-
pian and dystopian dimensions of imagination. Long before Thomas More coined the term ufopia in his 1516 book
Utopia (More 1949), the concept had deep philosophical roots. Derived from the Greek ou-fopos (“no place”) and
eu-topos (“good place”), utopia refers to an ideal realm free from pain, suffering, and inequality. Dystopia, on the
contrary, is the abuse of technology, social oppression, or environmental destruction taken to the extreme. Its name
combines the Greek dvo (“bad”) and tdmoc (“place”). The term first appeared as “Dustopia” (UspeakGreek 2023)
in Lewis Henry Younge’s Utopia: or Apollo’s Golden Days (Younge 1747) and was later refined by John Stuart
Mill in an 1868 Parliamentary speech (Hansard Commons), where he reframed utopia’s prefix from ou- (“not”) to
eu- (“good”), making dystopia its antonym (Mill 1988). This dichotomy plays out vividly in cinema. Blade Runner
(1982) and 71984 (1984) depict futures where Al and authoritarian regimes suppress human freedom. The Matrix
(1999) expands this idea with a simulated utopia masking a machine-dominated reality (Jackson and Paste Staff
2023). The series Black Mirror warns of technological overreach through near-future cautionary tales (jmuwa
2020). On the utopian side, Tomorrowland (2015) imagines a world shaped by human ingenuity and scientific dis-
covery. Her (2013) explores Al-human relationships that oscillate between emotional fulfillment and troubling
dependency. WALL-E (2008) contrasts a dystopian Earth ruined by consumerism with the hope of a renewed,
human-centered society (Utopia & Dystopia n.d.).

1.2 Framing AI Utopian and Dystopian Narratives in News Headlines

As Al technologies, particularly natural language processing (NLP) Large Language Models (LLMs), rapidly
evolve, long-standing tensions between utopian and dystopian futures are increasingly reflected in media narratives
(Cools et al. 2022). Our research applies NLP and LLMs to analyze Al-related news headlines, uncovering how
media narratives shape our collective expectations, whether we are bracing for disaster or anticipating an era of
boundless progress. Systematic analysis of this coverage exposes patterns reflecting both optimism (e.g., disease
eradication, automation of mundane tasks, democratized knowledge) and challenges (e.g., anxiety over job loss,
eroded human agency, and technological dominance) as seen in Figure 1 (Silver 2023; Khosla 2024; Samuel et al.

V- i . = - Uk
InNugncer cn'[:::n gt SafigerL @ drgpe SHiles
fake mind il “m::::rm-ty gmma luwcgmm- warkshop ary committee
ravel Laward ethigal
nobel prize threat & ©Pilon rugsia mgete caliggenis governar
spatify sa@m vidpal dead chief o
playhist ET-T - V!‘ﬂm polish
copyiight R interview

ukragnian
league g
international @ govefance
L e ® journalism | | b W e - L
imggner cregtivity ;alrl i al F
" alymete paris spain “‘*’"Q‘ducation‘?fﬁcu ®. nafghalyic, <
migic onlife opion eurggean 4
human medical & city P
\W brand cragiive- S aican ¢I“gmm’,eul:vlu: o - -
pheto instagram T = /o summit

- -
1eaghe ® | Sootaas /) HSH

mayie suigide

craation

pi
:
i = - - oV ent
firafly generator image , .t f‘ a] & govaiin
video = adie
Ndngyin artifici gehee <
ai <> crisis
creator UWKwha(snpp e landlina® =y Y
edite sora s 8 management® south
chiggdor elonjipusk e - 2 - e
geoglaphoto chat . chatgpt Seaber gy W revelution m%{rym . economy
revolutionary adtificial intelligence compan financial financial service

official AN return "
obey  smart - banke
zuckerberg - google ¢ bl wageiSvietnam
gemini openai «company - industrial
(= smarter blog u@ss busig@sses
glass game shop emigsion CUSIGMer nuglear - commerce
@ I h china finance
gy o japan
pixel iy ANMHEOPIC microsoft ple wechcompany - capital
google pixel apple tech autonomaous

latest lead !
magic 2 A2 preduct invest w leader
hanor apple intelligence >
phone angéizon software o4 market =
mobile ipad japanese
cogiiot race deepseeck accelerate
alexa india @ stock . wave - i
samsung developer e
d
samaung phone spee aost
smartphone amazordbedrock

aftica

gical@eybersecurity o

talent

androlid

mistral production manufacture

mobilephone semiconductor. ecosystem

nvidia
degand

Figure 1: Semantic network of Al news headlines.
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2024). Grouped clusters in Figure 1 illustrate different themes like technology, business, ethics, risks, media, and
key industry players, giving a clear view of AI’s public discourse. News media simultaneously highlight Al break-
throughs (Service 2018; Jumper et al. 2021), like DeepMind’s AlphaFold, and raise concerns about issues such as
bias, job loss, and surveillance (Klepper and Swenson 2023; Reynaud and Untersinger 2024; The Guardian 2024,
Dmitracova 2025). Headlines serve both as historical records and tools that shape public expectations of technol-
ogy. The influence of news media is evident in how coverage of natural disasters, such as earthquakes, influences
public policy and technological development (Jamieson and Van Belle 2019). Likewise, early newspaper coverage
of automobile accidents played an important role in shaping traffic regulations and safety features, showing how
media narratives can catalyze societal adaptation to new technologies (SafeTREC n.d.; Gupta et al. 2021). Al cover-
age follows this pattern, influencing the push for ethical development and shaping the direction of innovation
(Ouchchy et al. 2020). In contrast, news about Al-generated deepfakes and election interference has intensified con-
cerns about AI’s ability to manipulate reality (Bond 2024). Moreover, the rise of China’s DeepSeek (DeepSeek-Al
et al. 2025) has sparked United States national security concerns, challenged American Al dominance, and reshaped
the public perception of global Al geopolitics (Baptista 2025; Bratton 2025; Rundle 2025). These conflicting narra-
tives shape the public’s collective expectations: are we on the brink of a technological utopia, or are we accelerating
toward a dystopian crisis?

1.3 The Binary Fallacy: Beyond Pure Utopia and Dystopia in AI Development

A dystopia is a utopia that’s gone wrong.
—Ursula K. Le Guin

As Al capabilities grow, public discussion often swings between extremes. On one hand, Al is seen as a force for
good, enhancing human potential, accelerating scientific breakthroughs, boosting economies, and solving global
issues. For example, machine learning models now outperform doctors in early disease detection (Bajwa et al.
2021). Reinforcement learning is used in logistics (Rolf et al. 2022), and natural language interfaces make informa-
tion more accessible. Philosopher Nick Bostrom explores this hopeful future in Deep Utopia (Bostrom 2024)
where he examines what happens if Al improves our lives without harm. In Superintelligence (Bostrom 2014), he
warned about AI's dystopian risks. In Deep Utopia (2024), however, he envisions a “solved world” in which Al
meets all material, intellectual, and emotional needs. This idea echoes predictions from leaders like Nvidia’s
Jensen Huang and DeepMind’s Mustafa Suleyman who believe Al will democratize discovery and make expert
knowledge widely available (The Week UK 2024). Such views reflect old myths of abundance, like the Land of
Cockaigne, reimagined for our tech-driven age (Cuthbertson 2024). But these gains raise deeper questions: If Al
replaces human labor, solves key problems, and extends life, what will we do? More importantly, what will define
our purpose in a world where machines meet all needs? He warns of a “plastic utopia,” where people risk becom-
ing passive consumers of artificial satisfaction (Singal 2024). This dilemma has historical roots; economist John
Maynard Keynes predicted that technology would cut working hours to 15 per week (Wladawsky-Berger 2017).
The challenge, then, is managing AI’s risks while preserving human purpose and agency. On the other end is the
dystopian view: Al drives job loss, inequality, surveillance, and existential threats. White-collar jobs in finance,
customer support, and content creation are facing early automation-driven job losses (Smith 2024). More worry-
ingly, AI’s speed may outpace human oversight. Issues like autonomous weapons, deepfakes, disinformation, and
artificial general intelligence (AGI) raise alarms about unintended consequences and loss of control. Eliezer
Yudkowsky warns that poorly aligned superintelligent Al could eventually optimize for goals that disregard
human survival entirely (Yudkowsky 2023). Other concerns include reliance on Al, algorithmic bias, and AI’s abil-
ity to distort reality. As language models churn out content cheaply, the risk of reality distortion grows. These
developments intensify concerns about whether Al can be aligned with human values while preserving agency and
oversight.

Yet, as history has often shown with the technological revolution, the future will likely be neither a perfect utopia
nor an absolute dystopia, but a paradoxical blend of both. The progress of an innovation unfolds in a continuum;
marked by both breakthroughs and setbacks, empowerment and displacement, possibilities and risks. The develop-
ment of nuclear technology in the mid-20th century simultaneously offered solutions to energy scarcity while
posing existential risks through weaponization. More recently, the Internet democratized knowledge while giving
rise to misinformation and cyber threats. The evolution of cars exemplifies this dual narrative, with early headlines
both celebrating their promise and warning of associated dangers. This mirrors today’s Al coverage. Headlines
from the 1900s about “horseless carriages” causing public panic mirror modern concerns about autonomous
vehicles (AVs), demonstrating how media frames technological transitions (Winton 2017). Therefore, news head-
lines serve as snapshots of these transformative moments, capturing both the euphoria surrounding AI’s potential
and the fear of unforeseen consequences. Understanding these narratives helps us see how society adapts to
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disruptive change. The future depends not on technology alone, but on how we choose to govern, integrate, and
share its benefits. Will we create an Al-powered utopia, freeing humanity from toil and scarcity? Or will we face a
dystopia where Al tightens its grip, deepens inequality, and spirals out of control? The most realistic future may be
what Kevin Kelly calls a “protopia”: one of gradual improvement, not sudden transformation. In this view, Al will
become embedded into everyday life, evolving to become safer, more ethical, and more useful over time (Shermer
2024). Many researchers are focused on refining systems to serve human needs reliably, rather than chasing
extremes. Rather than framing Al in binaries, we analyze media narratives and current trends to understand how
public discourse reflects both its aspirations and anxieties. The concept of Human-Enhancive Al (HEAI) is central
to this outlook (Kashyap et al. 2024). HEAI emphasizes a human-above-Al strategy to maximize human potential.
The future is not established: it will be shaped by human choices through education, policy, technological design,
and the philosophy we use, such as HEAI, to structure AI’s role in society.

1.4 The Myth of a Pure Utopia and the Low Probability of a Complete Dystopia

Achieving a perfect Al-driven utopia is highly unlikely due to several serious challenges. Biased training data
can reinforce social inequalities (Zajko 2022), and Al power concentrated in a few hands may increase surveil-
lance, erode privacy, and foster authoritarian regimes (Randieri 2023). Some warn that this could result in a
stable but oppressive global regime, far from any utopian ideal. As Al grows more advanced, aligning superin-
telligence with human values becomes increasingly difficult (Mitchell, 2022). Technological limits also persist,
with Al still lacking intuition, empathy, and ethical judgment, making it risky for governance. While automation
may reduce routine work, it could also cause job loss before new roles are created (Nelson 2024). Moreover, the
increasing integration of Al into healthcare, law enforcement, and public policy may introduce new systematic
biases rather than achieving the intended goal of eliminating prejudice. Furthermore, because the definition of a
perfect society varies across cultures, Al solutions may benefit some groups while harming others (Randieri
2023).

However, arguments against a dystopian Al future present several compelling counterpoints as well. Al sys-
tems, tools without consciousness or goals, reflect human design and intent (Li et al. 2021). Ethical safeguards,
regulatory protocols, and human-in-the-loop designs aim to keep Al aligned with societal values. Much fear
about Al comes from anthropomorphic bias, which is the tendency to assign human traits to machines. Since
Al lacks self-awareness, many dystopian fears are more about human psychology than actual technology
(O’Gieblyn 2023). While it’s important to stay alert to potential dangers, the rise of a dystopian Al future
seems unlikely. Through deliberate oversight, ethical consideration, and effective governance, society possesses
the capacity to guide Al development toward outcomes that enhance human welfare while minimizing potential
adverse effects.
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Figure 2: A combination of Al news headlines reflecting both utopian and dystopian perspectives.
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1.5 A Pragmatic Perspective: Mixed Effects of AI

Rather than utopia or dystopia, the future will likely be a complex mix of benefits, disruptions, new opportunities,
and risks. As shown in Figure 2, a pragmatic approach acknowledges AI’s dual nature, aiming to maximize its posi-
tive impact while minimizing potential harm.

1.5.1 Anticipated positive impacts and emerging opportunities in an AI-augmented future

By 2040, Al is projected to become as essential as the internet, transforming global economies, reshaping industries,
and addressing long-standing societal challenges (Jensen, as cited in Rainie and Anderson 2024). The International
Data Corporation (IDC) estimates a $19.9 trillion contribution to the global economy by 2030, with Al investment
returns of $4.60 per dollar (International Data Corporation (IDC) 2024). While concerns about job displacement
persist, Al is also expected to create new employment opportunities (World Economic Forum (WEF) 2025). IDC’s
Future of Work Employees Survey found that only three percent of workers expect full automation of their roles,
while sixty-three percent believe Al will enhance rather than replace their work (IDC 2024). Productivity is
expected to soar as Al automates repetitive tasks, enabling humans to focus on creative, strategic pursuits (Olorun-
dare, as cited in Rainie and Anderson 2024).

In healthcare, Al is already improving diagnostics, virtual care, and precision medicine, and may soon support
organ production via 3D/4D printing (Al-Saqaf, as cited in Rainie and Anderson 2024). Education is benefiting
from adaptive Al tutors (Silwal, as cited in Rainie and Anderson 2024), while personal Al assistants democratize
access to finance, mental health, and career planning (Herd, as cited in Rainie and Anderson 2024). Governance is
poised to become more transparent and efficient through Al-assisted policy modeling, real-time fact-checking, and
predictive decision-making (Turner, as cited in Rainie and Anderson 2024). Urban planning, agriculture, entertain-
ment, and climate adaptation are similarly being transformed by Al through Al-enabled free public transit, robotic
farming, and immersive virtual experiences (Bairathi 2025; Jensen and Silwal, as cited in Rainie and Anderson
2024). A notable frontier in Al research is the development of digital “twins”—virtual Al representations of individ-
uals that will assist in decision-making, self-improvement, and lifelong learning (Spohrer, as cited in Rainie and
Anderson 2024). Ben Shneiderman, professor emeritus at the University of Maryland, stresses the need for human-
centered Al that supports creativity and social connection. Similarly, Associate Professor Loianno predicts that by
2030, autonomous robots will collaborate, learn, and make high-level decisions with minimal human input, improv-
ing efficiency across sectors provided strong safety protocols are in place (Loianno, as cited in Ziegler 2024). If
paired with fair policies like universal basic income, Al-driven automation could help reduce inequality (Herd and
Williams, as cited in Rainie and Anderson 2024). Thus, the Al companion market, valued at USD 28.19 billion in
2024, is projected to grow at a 30.8 percent annual rate through 2030 (Grand View Research 2024). Yet, these
advancements raise profound ethical questions. Leaders like Dario Amodei and Sam Altman envision transforma-
tive impacts but caution against unchecked ambitions (Robison 2024; Pierce 2024). The choices made today, bal-
ancing opportunity with responsibility will shape whether Al drives shared prosperity or deepens inequality by
2040. Ultimately, the Al-augmented future presents a delicate balance between opportunity and responsibility
(Jensen, Olorundare, and Al-Saqaf, as cited in Rainie and Anderson 2024).

1.5.2 Negative effects and emerging risks in an AI-augmented future

Despite its promise, Al introduces significant risks. One major concern is techno-solutionism, the belief that Al can
solve all social problems (Littman et al. 2021), leading to blind trust in automated decisions, and ignoring their
biases. Examples include Amazon’s 2018 hiring tool that was scrapped for showing gender bias (Chang 2023) and
an algorithm by Optum that prioritized white patients over black patients based on cost assumptions. Al also threat-
ens democratic institutions, enabling misinformation, deepfakes, and social media manipulation (Littman et al.
2021) as seen in cases like the 2016 United States election interference and a fake Pentagon explosion image. Its
black-box nature limits transparency and accountability, while mass surveillance erodes privacy and empowers
authoritarian regimes. Predictive policing, social credit systems, and mass data collection pose ethical and human
rights challenges. Economically, Al could deepen inequality by displacing low-income workers and concentrating
power in tech monopolies. It also raises IP concerns, as generative models borrow from copyrighted content without
credit or compensation—a phenomenon dubbed the “Great Data Heist.” These risks are heightened by AI’s ability
to produce unintended behaviors, especially in reinforcement learning models. Overreliance on Al in safety-critical
applications is also risky, as models can hallucinate or provide incorrect information, which could lead to cata-
strophic consequences in military systems, AVs, and healthcare diagnostics (Littman et al. 2021; Rainie and Ander-
son 2024). Al also enables impersonation scams, such as voice cloning, and can be used to find software
vulnerabilities, increasing cybercrime risks. The Center for Al Safety warns that Al may boost the scale, speed, and
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success of cyberattacks, increasing geopolitical risks. Lastly, environmental impacts are substantial. Al training con-
sumes vast energy and addressing these issues will require strong ethical standards, clear regulations, and greater
transparency to guide Al toward equitable and responsible use (Littman et al. 2021; Samuel 2023; Rainie and
Anderson 2024).

Given these complexities, this research proposes moving beyond a binary characterization of utopia versus dystopia
by introducing HEAI, that is Al designed to amplify human potential while minimizing harm. Using NLP tech-
niques like sentiment analysis and topic modeling, we track evolving media narratives around Al. As with past
innovations like nuclear energy or the internet, Al’s trajectory provokes both hope and fear. This transformative tra-
jectory has raised critical questions about its societal implications and the future it is actively shaping (Samuel et al.
2024; Tripathi et al. 2025). The key question is not if AI will shape the future, but zow we choose to guide it.
This research aims to provide a data-driven perspective on exploring the emerging trajectories of the impacts of Al
on human society and the choices that lie ahead. The rest of the manuscript is structured as follows. The next sec-
tion presents a very brief literature review across four key domains: education, healthcare, robotics, and workforce.
Additionally, the section also examines various societal aspects both within these domains and as a whole. Follow-
ing the literature review, the methodology section outlines our data collection process and feature engineering. We
then detail our exploratory data analysis (EDA) and NLP techniques, including sentiment analysis and topic model-
ing. Next, we discuss our statistical analysis. Finally, we present the results, followed by a discussion and conclu-
sion, emphasizing the significance of our findings in the context of HEAL

2. Literature Review

The purpose of this literature review is to briefly introduce four key pillars of human society, to serve as an anchor
and provide non-exhaustive context for our NLP- and LLM-based analyses.

2.1 Education

Al has significantly impacted education, offering both promising applications, such as automation and personaliza-
tion, and complex challenges that require policy responses. Academic institutions have been reevaluating their sys-
tems to ensure intended learning outcomes are preserved in the face of rising use of LLMs and generative Al tools
(Chidipothu et al. 2025). Al tools help educators streamline administrative processes such as grading, lesson plan-
ning, attendance tracking, scheduling, and budgeting. This automation enables teachers to focus more on personal-
ized instruction (Zaman 2023). Furthermore, institutions can analyze large volumes of data using chatbots and
analytics platforms to uncover insights that enhance both administrative efficiency and student performance
(Ananyi and Somieari-Pepple 2023). Al-powered Adaptive Learning Platforms customize instruction to match each
student’s pace and proficiency by adjusting materials based on performance data, enhancing engagement, and
accommodating diverse learning styles (Piocciochi and Alwabel 2020; Dutta et al. 2024). Additionally, tools such
as speech-to-text, language translation, and early innovations in computer vision and speech recognition have also
improved accessibility, especially for individuals with disabilities (Bigham and Carrington 2018).

On the negative side, algorithmic bias in Al models, often stemming from skewed training data, can disproportion-
ately affect underrepresented racial and ethnic groups. For example, multiple predictive models performed worse
for minority groups in academic success forecasting (Hu and Rangwala 2020; Baker and Hawn 2022). Overreliance
on Al (Zhai et al. 2024) can also hinder students’ cognitive development, including decision-making and critical
thinking. A specific concern related to generative Al tools like ChatGPT is “hallucination,” where plausible but
entirely false information is generated. Students are at risk of consuming and relying on such inaccurate content. As
OpenAl itself warns, ChatGPT’s outputs may sound convincing yet be incorrect (Athaluri et al. 2023). This high-
lights the need to equip students with critical thinking skills and the ability to validate Al-generated responses using
more reliable sources (Mhlanga 2023). Beyond these technical and cognitive risks, Al chatbots have also disrupted
the ethical landscape of higher education. Recent work suggests that Al-assisted cheating reflects a broader shift in
ethical expectations for students and institutions, challenging the adequacy of traditional academic integrity frame-
works (Pelaez et al. 2025). Moreover, the increased integration of Al in education may reduce human interaction in
educational settings. A lack of meaningful connection with teachers and peers can negatively affect students’ moti-
vation, social development, and overall educational experience (Al-Zahrani 2024).

2.2 Healthcare

Al is transforming healthcare by enhancing diagnostics, personalization, accessibility, and operational efficiency.
Algorithms can analyze complex datasets, ranging from medical images and genetic data to electronic health
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records (Alowais et al. 2023), to detect cancers and cardiovascular and neurological diseases with greater accuracy
and speed. In mental health, Al identifies early indicators of conditions like depression, anxiety, and post-traumatic
stress disorder (PTSD) through behavioral data, speech patterns, and social media activity (Ettman and Galea
2023). Virtual therapists and chatbots provide 24/7 support, particularly in underserved regions where mental health
services are limited (Cross et al. 2024). Additionally, Al enables personalized treatment plans tailored to individual
genetic profiles and medical histories, improving outcomes while minimizing side effects (Hill 2024). On the opera-
tional side, Al streamlines administrative tasks such as scheduling and billing, and improves resource allocation and
patient flow, thereby reducing costs and enhancing care delivery (Hoose and Kralikova 2024).

Despite its efficiency, the integration of Al into healthcare raises ethical, technical, and regulatory challenges. Al
systems lack emotional intelligence crucial for doctor-patient rapport, especially in behavioral health, potentially
lowering patient satisfaction and treatment adherence (Cordero 2024). Heavy reliance on personal data introduces
privacy risks and cybersecurity threats and can undermine trust if patients are not fully informed of AI’s role in
their treatment (Farhud and Zokaei 2021). Technical risks like overfitting can result in harmful diagnostic errors
(Chustecki 2024), while algorithmic bias stemming from non-diverse datasets may lead to misdiagnoses and health-
care disparities for marginalized populations (Siafakas and Vasarmidi 2024). Finally, because Al algorithms can
evolve with time, traditional regulatory frameworks struggle to assess their safety and efficacy consistently, compli-
cating accountability and eroding public trust in Al-enabled medical systems (Price 2019).

2.3 Robotics, Automobile, and Factories

Al is transforming the automobile industry and logistics by enabling predictive modeling, deep learning, and opti-
mization techniques that enhance supply chain efficiency, sustainability, and strategic decision-making (Didast,
et al. 2024). In warehouse operations, Al-driven robots and automated guided vehicles (AGVs) improve accuracy,
speed, and cost-effectiveness by navigating environments, identifying items, and dynamically allocating tasks (Deh-
ghan et al. 2023; Sodiya et al. 2024). As robotics and Al continue to transform digital logistics, they open avenues
for further research in resource orchestration and the development of innovative operational strategies (Rainer et al.
2025). AI’s integration into logistics extends to traffic prediction and management, where real-time data from sen-
sors, GPS, and social media is used for dynamic routing, congestion control, and signal optimization, refining
mobility systems before full autonomous adoption becomes widespread (Bharadiya 2023).

Despite the advantages Al offers in logistics and automotives, it also introduces risks. AVs, for instance, present
cybersecurity and privacy challenges. Threats like GPS spoofing, ransomware, and data breaches endanger safety
and can expose sensitive biometric and location data (Bendiab et al. 2023; Sadaf et al. 2023). Similarly, logistics com-
panies must safeguard vast datasets related to cargo, fleet movement, and delivery operations, making cybersecurity a
critical priority (Didast, et al. 2024). Furthermore, models often inherit societal prejudices embedded in their training
data (Richey et al. 2023), with real-world consequences in areas like hiring, credit assessment, and law enforcement.
In logistics and supply chain management (L&SCM), such biases could result in preferential treatment of certain sup-
pliers, products, or regions, contributing to systemic discrimination and inefficiencies in decision-making.

2.4 Workforce

Al creates new employment. For example, Al developers, data scientists, and machine learning engineers are in
high demand in areas like AVs, health tech, and finance. This means that Al brings in new professions and sectors
for people to work in (Vinson et al. 2024). Al systems can streamline repetitive tasks that enhance human produc-
tivity and shift the focus more towards decision-making and creativity. For example, in the marketing and finance
domain, Al tools accelerate data analysis and extraction enabling workers to make quick decisions and increase job
satisfaction (Acemoglu and Restrepo 2019). Al helps individuals acquire new skills as numerous organizations and
corporations are providing training initiatives in areas such as programming, data analysis, and the applications of
Al tools (Frank et al. 2019). Al systems also help small businesses and entrepreneurs by reducing operational costs
and allowing for smarter decision-making through the interpretation of data trends (Jumaev 2024). In healthcare
and customer service, for example, Al handles administrative tasks, which gives professionals an opportunity to
work with their customers and have a better work-life balance. Moreover, Al enables remote work by supporting
virtual collaboration and global hiring (Faluyi 2025).

On the other hand, Al-driven automation leads to significant job displacement, particularly in sectors like manufac-
turing, administrative support, and customer service. Even employment changes in white-collar sectors such as
accounting, legal assistance, and journalism, lead to a broader impact on the workforce (Faluyi 2025). Al also intro-
duced the creation of “gig” roles that lack stability, benefits, and career growth opportunities which leads to job dis-
satisfaction, lower wages, and a growing sense of economic insecurity among the workforce (Acemoglu and
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Restrepo 2019). High-skilled human workers may also experience wage stagnation as Al can perform complex data
analysis, legal document reviews, and medical diagnostics more efficiently and cost-effectively (Frank et al. 2019).
Al systems may accelerate employment inequality and exacerbate the phenomenon of job polarization. Between
two and five percent of jobs are to be automated where low-skilled workers face higher risks of displacement, while
those with advanced technical skills benefit from new opportunities, creating a labor market divide that can contrib-
ute to social tensions and economic instability (Gmyrek et al. 2024). AI’s influence extends beyond direct automa-
tion, affecting supply chains, service delivery models, and business strategies which leads to significant shifts in job
availability and requirements, forcing companies to restructure their workforce and reduce the need for traditional
job roles (Webb 2019). Such anxiety related to job insecurity and occupational stress among employees can nega-
tively impact mental health and reduce job satisfaction. Furthermore, constant monitoring and performance tracking
by Al systems can increase burnout rates and impact productivity (Chui et al. 2016). This phenomenon is closely
related to the John Henry effect, where workers feel compelled to compete against automated systems, leading to
overexertion and detrimental effects on both physical and mental health (Gammon and Bornstein 2018).

2.5 Society

Al is reshaping nearly every facet of society, from government operations and public services to entertainment and
personal relationships. It enhances productivity, decision-making, and crisis response, yet also amplifies risks
around bias, inequality, and privacy, particularly in low- and middle-income countries with limited regulation and
digital infrastructure (Tony Blair Institute for Global Change 2024). Al-driven tools like ChatGPT support work
management and public access, but reliance on biased training data can reinforce discrimination. As Al systems
increasingly influence policy, law, and elections, ethical governance becomes essential to protect human rights,
maintain accountability, and prevent the consolidation of power among a few tech giants (United Nations Regional
Information Centre (UNRIC) 2024; Elysée Palace 2025). In democratic contexts, AI's dual nature is especially
apparent. On one hand, chatbots streamline voting information, and fraud detection tools boost electoral trust. On
the other, Al enables targeted political ads and deepfake content that manipulate voter behavior and undermine
institutions (Bond 2024; Mishra 2024; Robins-Early 2024). Deepfakes featuring celebrities such as Taylor Swift
and Elon Musk have heightened public concern over misinformation (Nguyen 2024), while Netflix’s undisclosed
use of Al-generated visuals has drawn criticism for threatening media authenticity (Belanger 2024). The European
Union’s Al Act aims to address these risks by regulating deceptive practices and enhancing transparency. The legal
system is similarly challenged. Al expedites case evaluations but complicates questions of accountability and data
ethics. Microsoft’s CoPilot+ Recall feature, for example, faced backlash for unauthorized data collection (Marcinek
et al. 2024; Rahman-Jones 2024). Facial recognition technologies have led to false arrests, most notably that of
Porcha Woodruff, an African American woman wrongfully detained due to algorithmic error (Swarns 2023). Dis-
criminatory outcomes have also surfaced in AT hiring tools, as evidenced by the iTutorGroup case, where older can-
didates were filtered out unfairly (U.S. Equal Employment Opportunity Commission (EEOC) 2023). These
examples underline the urgent need for robust oversight to safeguard civil rights in Al-driven processes. Al’s
impact on personal and environmental spheres is complex. Social robots and virtual assistants offer companionship
and reduce loneliness but may weaken human connection over time. Algorithms that prioritize engagement over
meaningful dialogue on social platforms can fuel polarization and reduce empathy (Johnston 2020; Rodilosso
2024). Environmentally, Al can optimize energy use and predict climate events, yet model training consumes sub-
stantial energy and generates e-waste, often affecting marginalized regions. Calls for “Sustainable AI” reflect a
growing recognition that innovation must align with ecological and social responsibility. Ultimately, navigating
these tensions requires proactive governance, ethical design, and cross-sector collaboration to ensure Al supports
equitable and sustainable progress.

3. Data
3.1 Data Collection and Extraction

For our research, we collected a large dataset of Al-related news headlines using Google News RSS feeds (Google
n.d.) to capture multilingual perspectives from different regions. Articles were gathered between November 9,
2023, and November 11, 2024, with English-language coverage extended to February 12, 2025, to include recent
developments. We used Feedparser (McKee and Pilgrim 2010), BeautifulSoup (Richardson 2023), and Requests
(Reitz n.d.) for content retrieval and parsing. Queries included terms like “AI” and “Artificial Intelligence” in over
40 languages. For dynamic pages, ScrapingBee (ScrapingBee n.d.) was used to render JavaScript content. For con-
sistency, all article titles and sources were translated to English using GoogleTranslator from the deep-translator
library (Baccouri 2020). Translations were done in batches of 20 for performance optimization. The final dataset
includes 288,429 records, each containing the article’s publication date, English-translated title and source, and the
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original language. This structure supports consistent, multilingual analysis of global Al-related media coverage.
While GoogleTranslator provides fast and scalable translations across more than 40 languages, it is important to
note that automatic translations are not always perfect. In most cases, the tool produced reliable and intelligible
English renderings of headlines, sufficient for large-scale analysis. However, nuances such as idiomatic expressions,
cultural references, or domain-specific terminology may not always be preserved with complete accuracy (Aiken
and Balan 2011; Groves and Mundt 2015). Given the volume of data, human validation for every headline was not
feasible, but the consistency and general quality of the translations were adequate for capturing sentiment, topics,
and linguistic patterns at scale.

3.2 Feature Engineering

Following data collection, we performed feature engineering to extract relevant metadata from the news titles and
publication dates. This process involved computing the number of characters and words in each title, identifying the
day of the week, month, year, and quarter of publication, and determining whether the article was published on a
weekend. Additionally, we performed text classification to categorize news articles into relevant themes, including
Education, Healthcare, Robotics, Workforce, and Society. This was done using a pattern-matching method and reg-
ular expressions with keywords listed in Table 1. The distribution was: Education—19,465 (6.75 percent), Health-
care—13,941 (4.83 percent), and Robotics—19,372 (6.72 percent), Workforce—40,131 (13.91 percent), and
Society—35,027 (12.1 percent). Notably, 62.7 percent of headlines remained uncategorized. Additionally, 24,627
headlines overlapped across categories, resulting in 88,837 unique category assignments. For balanced analysis, we
randomly sampled 10,000 unique headlines per category (without replacement). Since Healthcare had fewer than
10,000 unique entries, additional multi-category headlines labeled as Healthcare were included to meet the target.
This approach ensured both structure and broad coverage. We further applied topic modeling and sentiment analysis
to the resulting 50,000-headline dataset.

Prefix-based matching (e.g., “educat-* matching “education” or “educator’’) allowed for morphological variations
of key terms. Without this, a partial match could mistakenly capture words like deducate, which is unrelated to edu-
cation. At the same time, standalone keywords (e.g., “bus” not matching “business”) and exact acronym detection
(e.g., “EV” but not in “event”) helped reduce false positives. Multi-word phrases like “self-driving” and “human-
robot” were matched as full terms to preserve their meaning. Each theme was encoded as a binary feature per head-
line. While not manually validated and sensitive to context, this method offers a scalable approach to thematic clas-
sification, with scope for refinement using advanced models.

Table 1: Keywords used for categorizing Al news headlines in our dataset by domain.

Domain Keywords

Education educate, learn, teach, study, academic, curriculum, pedagogy, student, school,
classroom, course, professor, lecturer, university, college, campus, tutor

Healthcare health, medical, doctor, nurse, hospital, clinic, pharmaceutical, drug, biotech,

diagnosis, patient, treatment, vaccine, telemedicine, disease, cardio, immune, neuro,
physician, medical technology, radiology, addiction, abuse, suicide, depression,
psychology, surgery, therapy, mental, wellness, genomics, genetics, epidemic,
pandemic, cancer, diabetes, biomedical, EHR, X-ray

Robotics robot, autonomous, navigate, cyborg, industrial, agriculture, combat, weapon, force,
sensor, driver, logistics, vehicle, electric, farm, automation, mobility, fleet,
humanoid, automated, autopilot, aerial, unmanned, automotive, automobile,
military, army, navy, naval, transportation, drone, warehouse, car, bus, train, truck,
pilot, battery, plane, flight, aircraft, CAV, UAV, EV, ADAS, DARPA, SWARM,
LiDAR, self-driving, pick-and-place, human-robot, supply chain, computer vision

Workforce job, recruit, work, organization, career, professional, business, enterprise, company,
employ, skill, corporate, layoff, manager, startup, entrepreneur, investment, investor,
venture, replace, unemployed, hiring, hire, companies, firms, talent, CEO, CTO,
CIO, CDO, HR

Society ethical, regulation, social, trust, democratic, equal, legislation, culture, human, law,
public, rights, society, privacy, societal, policy, governance, transparency, accountability,
compliance, government, sustainability, health, election, war, relationship
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4. Methodology
4.1 EDA

For EDA, we conducted linguistic, geographic, and quantitative textual analysis to explore the characteristics of Al
news headlines. Finally, we perform an analysis on our domain classification.

4.1.1 Linguistic and geographical diversity

Our dataset has shown strong linguistic diversity. English leads with eighteen percent of headlines, but many non-
English articles reflect global engagement. Spanish accounts for the highest number of non-English articles, fol-
lowed closely by French, Korean, Italian, Japanese, and Portuguese. Additionally, German, Indonesian, Russian,
and Arabic also represent substantial portions of the dataset. Given the multilingual dissemination, it appears that
conversations about Al are pertinent worldwide.

4.1.2 Al news headlines textual analysis

The dataset showed considerable variability in AI news headline lengths, averaging 76.41 characters (standard devia-
tion [SD] = 29.49), with a range of 2 to 465 characters. Most headlines contained an average of 11.87 words, with
counts ranging from 1 to 75, reflecting diverse editorial styles from concise to detailed. To explore content patterns,
we conducted an n-gram analysis. Unigrams (Figure 3(a)) highlighted frequent mentions of “new,” “generative,”
“research,” and “education,” pointing to ongoing innovation and AI’s role in knowledge and technology. Frequent
references to Google indicated its major influence. Bigrams (Figure 3(b)) like “new ai” and “‘ai regulation” emphasized
current developments and regulatory discourse. Trigrams (Figure 3(c)), such as “using artificial intelligence,” reflected
practical applications, as well as themes in education and governance. Quadgrams (Figure 3(d)) included references to
policies (“EU Al Act”), realism in Al outputs (“look like real life””), public figures (e.g., Elon Musk, Jensen Huang),
and concerns like “artificial intelligence replace humans,” indicating persistent anxieties around job displacement.
Overall, the headlines had both optimism about Al advancements and unease about its societal implications.

4.2 NLP Analysis

We conducted topic modeling across the five domains using advanced NLP techniques to analyze 10,000 news
headlines per domain. The workflow included data preprocessing, embedding generation, dimensionality reduc-
tion, clustering, and topic extraction. Stopwords combined sets from NLTK (Bird et al. 2009), Scikit-learn
(Pedregosa et al. 2011), a custom-defined list, and numbers from 0 to 9999 to remove irrelevant values.
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Figure 3: Analysis of (a) unigrams (top-left), (b) bigrams (top-right), (c) trigrams (bottom-left), and (d) quadgrams
(bottom-right) found in news headlines from our dataset.
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The BAAI/bge-small-en model generated dense vector embeddings, stored as NumPy arrays for reuse and compu-
tational efficiency. Uniform Manifold Approximation and Projection (UMAP) (Mclnnes et al. 2018) reduced the
high-dimensional embeddings using n_neighbors = 12, n_components = 5, min_dist = 0.1, and cosine similarity
to place semantically similar topics closer together. Hierarchical Density-Based Spatial Clustering of Applications
with Noise (HDBSCAN) (Mclnnes et al. 2017) then clustered the data with min_cluster_size = 20, min_samples =
5, and epsilon = 0.2 to balance granularity. BERTopic (Grootendorst 2022) extracted topics using the embeddings
and clusters, with a TF-IDF vectorizer set to unigrams and bigrams, max_df = 0.90, and min_df = 3 (Jones 1972).
The top nine topics were selected using BERTopic’s topic reduction function. This approach effectively captured
thematic structures and domain-specific influences of AI. While Latent Semantic Analysis (LSA) was also tested,
BERTopic produced more interpretable topics with clearer semantic coherence based on qualitative assessment.
Further, we conducted sentiment analysis, a widely applied NLP technique used in media analysis, social media
monitoring, and customer feedback (Wankhade et al. 2022). Similar NLP-based sentiment and topic modeling
approaches have been successfully applied to online forums such as Reddit to study risk, harm, and behavioral pat-
terns, demonstrating the robustness of these methods for analyzing large-scale digital discourse (van der Maas and
Samuel 2025). Prior studies have shown its effectiveness in capturing public opinion during high-impact events
like the COVID-19 pandemic, incorporating spatiotemporal and socioeconomic data to inform policy (Samuel
etal. 2020a, 2020b; Ali et al. 2021; Rahman et al. 2021). In this study, sentiment analysis was applied to Al-related
news headlines to assess general attitudes—positive, neutral, or negative—toward Al developments. We used the
BART-large-Multi-Genre Natural Language Inference (MNLI) model (Lewis et al. 2020), a pre-trained
transformer-based zero-shot classifier aligned with recent findings on the strong performance of LLMs in sentiment
analysis tasks (Zhang et al. 2023). Implemented via the Hugging Face Transformers library (Wolf et al. 2020), the
model applies natural language inference to classify text into sentiment categories without domain-specific train-
ing, making it well-suited for our large-scale, multilingual dataset of 50,000 AI news headlines. Each headline was
assigned one of the three candidate labels: “Positive,” “Negative,” and “Neutral” using the zero-shot classification
pipeline. The model itself uses a probability distribution based on entailment relationships learned during the pre-
training on the MNLI corpus (Williams et al. 2018).

Although no domain-specific ground-truth validation was conducted, prior benchmarks demonstrate strong zero-shot
performance of BART-large-MNLI. The model achieved 74.7 percent accuracy on the Sentiment140 dataset for
binary sentiment classification, where BART-large-MNLI outperformed all other zero-shot models tested, increasing
to eighty-seven percent for binary classification when combined with ensemble methods (Kanclerz et al. 2022). Addit-
ionally, another study conducted a comprehensive evaluation of LLMs across 13 sentiment analysis tasks on 26 data-
sets, showing that transformer-based zero-shot classifiers demonstrate reliable performance across multiple sentiment
tasks, particularly when annotated data are limited (Zhang et al. 2023). Given our focus on large-scale trend analysis
rather than individual classification, this validated performance was sufficient to capture broad sentiment patterns.

4.3 Statistical Analysis

For the quantitative analysis of sentiment patterns across Al-related news headlines, we used a comprehensive sta-
tistical approach to study variations in sentiment across our five domains. We began with descriptive statistics to
assess central tendencies, calculating mean sentiment scores for baseline comparisons across domains. To test distri-
bution normality, we used the Shapiro-Wilk test (Shapiro and Wilk 1965), which indicated non-normal sentiment
distributions across all domains. This warranted the use of non-parametric methods. We conducted a Kruskal-
Wallis test (Kruskal and Wallis 1952) to examine whether sentiment scores significantly differed among the five
domains. Upon finding significant differences, we performed pairwise Mann-Whitney U tests (Mann and Whitney
1947) (a non-parametric alternative to one-way ANOVA; Girden 1992) to identify which domain pairs exhibited
statistically significant sentiment differences. To reduce the risk of Type I errors, we applied a Bonferroni correc-
tion, adjusting the significance threshold to « = 0.005—since we are doing ten comparisons, we adjusted the signif-
icance level (« = 0.05) to account for multiple testing. For each domain pair, we reported the U-statistic, p-value,
and effect size using rank-biserial correlation (r), categorized as small (Jr| < 0.3), medium (0.3 < |r] < 0.5), or large
(Ir] > 0.5) to reflect the magnitude of sentiment differences. We also calculated standard deviations to assess senti-
ment variability within each domain. Finally, a median test was conducted to complement our analysis of central
tendencies, providing a robust view of inter-domain sentiment differences.

4.4 Results and Analysis
4.4.1 Sentiment analysis
The sentiment analysis was performed on a dataset of 50,000 in total combining all five domains scoring each head-

line with a continuous score from —1 to 1. This provides an overall distribution and trends of sentiments over time.
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The sentiment score was sorted, and the results are presented in Figure 4, top-left, where the positive sentiment is
prominently showcased in green compared to the negative sentiment represented in red. This asymmetry suggests
an overall optimistic view of Al in the dataset. Both extremes are well represented while the transition from nega-
tive to positive is smooth, showcasing some neutral sentiments.

The sentiment analysis was also conducted on each domain consisting of 10,000 records of data. The education
domain shows a strong inclination towards the positive sentiment with over eighty percent of the records falling
into the positive side, indicating an optimistic view of news towards education, possibly because of the advance-
ments in learning methodologies and accessibility to education. However, there are some negative sentiments. The
health domain’s sentiment also resembles education where the positive sentiment dominates. Health has the greatest
number of positive sentiments amongst all the domains which implies advancements in medical innovation and
drug discovery. The negative sentiment might be due to privacy concerns over patient data. The sentiment for the
robotics domain is also positive with around 80/20 split. While it shows some negative sentiment due to privacy
concerns and job displacement, the overall discourse surrounding robotics is largely optimistic due to the growing
advancements and automation due to Al. The workforce domain reflects a positive outlook overall but has a slightly
more negative sentiment with approximately a 75/25 split in comparison to education. The data represents senti-
ments on both extremes with a possibility of having professional growth on the positive end and job insecurity on
the lower end. The general positivity suggests a perception of career development and opportunities in various
fields. The society domain brings some balance to the sentiment distribution as it has a relatively wider spread
amongst the negative and positive sentiment scores. This indicates that there are mixed reviews of Al on societal
issues with some expressing concerns while others discussing the advancements. Overall, the sentiment across all
domains remains largely positive with some negative perceptions as shown in Figure 4.

4.4.2 Topic modeling

The topic modeling analysis was conducted on each domain consisting of 10,000 records of data. This study identi-
fied the overall sentiment and dominant themes within each domain. The study extracts the top nine topics from
each domain for topic modeling analysis. For education, the topics extracted explain the inclination of the sentiment
emphasizing university systems, digital learning, and Al-driven educational tools. Research programs, higher edu-
cation institutions, free online courses, and the role of Al in language learning are some of the recurring themes
shown in Figure 5. However, topics on academic integrity, cheating, and plagiarism highlight the concerns regard-
ing Al in education. The health domain (Figure 6) is dominated by themes of pharmaceutical innovation and per-
sonalized medicine, with a strong emphasis on cancer research, diagnostic imaging, telemedicine, and mental
health. The vaccines and drug discovery showcase innovative drug development in the health domain. Additionally,
cardiovascular diseases and dementia indicate a focus on chronic conditions which indicates advancements due to
Al Mental health-related topics such as therapy and psychology are also included, reflecting a growing concern for
psychological well-being in healthcare discussions. The mention of suicide is unclear, possibly reflecting Al risks
or its role in suicide prevention.

In the robotics domain (Figure 7), key topics included consumer robotics, industrial automation, and AVs, espe-
cially in the automobile industry. Ethical concerns around data privacy and regulation highlight the need for stron-
ger compliance in the industry. In the workforce domain (Figure 8), positive themes included stock market trends,

Sentiment Scare Distribution Sentiment Score Distribution (Education) Sentiment Score Distribution (Healtheare)

Sorted Sentiment Index Sorted Sentiment Index Sorted Sentimant Index

Sentiment Score Distribution (Robotics) Sentimant Score Distribution (Workforce) Sentiment Score Distribution (Society]

Sorted Sentimant Index Sorted Sentiment Index.

Figure 4: Sentiment distribution bar plot showing positive sentiment (green) and negative sentiment (red).
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Figure 5: Results of topic modeling on news headlines in the education domain.
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Figure 6: Results of topic modeling on news headlines in the health domain.

venture capital investment, and generative AI’s role in boosting productivity across business, legal, and communi-
cation tasks. However, concerns over job security and automation-driven displacement persist.

The topic extraction for the society domain indicates high relevance to government and public administration utiliz-
ing Al while the disinformation and regulations showcase the negative aspects (Figure 9). The topics around Al in
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Figure 7: Results of topic modeling on news headlines in the robotics domain.
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Figure 8: Results of topic modeling on news headlines in the workforce domain.
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Figure 9: Results of topic modeling on news headlines in the society domain.
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Figure 10: Sentiment score distribution across five domains.

governance, regulations in the European Union, and data transparency lead to an intersection between Al and poli-
cies around it. Additionally, some topics such as warfare, Cold War, and military drones suggest strong involve-
ment of Al in geopolitical conflicts. Topics with trust and transparency in comparison to existential threats to
humanity prove the analysis of an evenly spread sentiment.

4.3 Cross-Domain Analysis of Sentiment in News Headlines
4.3.1 Normality testing

Visual inspection of sentiment distributions (Figure 10) shows clear deviations from normality across all domains.
Education exhibits a near-symmetric distribution peaking around 0.25, though a slight leftward tail suggests mild
negative skewness. Healthcare and Robotics display strong positive skewness, with sentiment concentrated in the
positive region. Workforce shows a positively skewed, mildly bimodal pattern with a secondary peak in the negative
range. In contrast, Society presents a pronounced bimodal distribution, indicating polarized sentiment with peaks in
both negative and positive ranges. These observations are further validated by the Shapiro-Wilk test, which indi-
cated significant departures from normality across all domains: Education (W = 0.921, p < 0.001), Healthcare
(W = 0911, p < 0.001), Robotics (W = 0.931, p < 0.001), Workforce (W = 0.931, p < 0.001), and Society
(W=0.963, p < 0.001). These results confirm the violation of the normality assumption and justify the use of non-
parametric methods for subsequent analyses.
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4.4 Domain-Wise Sentiment Comparison

A Kruskal-Wallis H test was conducted to determine whether sentiment scores differed by domain. The results
revealed a statistically significant difference in sentiment scores across the five domains, H(4) = 2,668.565,
p <0.001. To further investigate, post-hoc pairwise comparisons were conducted using the Mann-Whitney U test
with Bonferroni correction (¢ = 0.005). All pairwise comparisons were statistically significant (p < 0.005), includ-
ing the smallest difference between Education and Workforce as shown in Table 2.

To assess practical significance, mean sentiment differences between domains were analyzed as shown in Table 3.

These results confirm that Society is an outlier, showing much lower sentiment scores than the other domains. A
non-parametric median test also confirmed significant differences in median sentiment across the five domains (sta-
tistic = 1,977.768, p < 0.001), with a grand median of 0.297. Descriptive statistics of sentiment scores indicate
clear differences in tone across domains. Healthcare had the most positive coverage, with the highest mean senti-
ment (0.321) and moderate variability, reflecting steady optimism. Robotics followed (mean = 0.293), generally
positive but with some concerns. Education (mean = 0.244) showed a moderately positive outlook and the lowest
standard deviation (0.387), suggesting a stable perception. Workforce (mean = 0.235) reflected more mixed senti-
ment, likely due to job-related anxieties, and had a higher variability (0.484). In contrast, Society stood out as the
most dystopian, with a near-neutral mean (0.011) and the highest variability (0.514), pointing to polarized views
shaped by issues such as surveillance, inequality, and ethics.

We further looked at the topics emerging from negative Al news headlines. Figure 11 presents the top keywords
associated with each topic extracted from negative sentiment news headlines across all domains. Nine distinct
topics were identified: Topic 1 appears centered around labor and automation, with terms like drivers, self-driving,
unemployed, and professions. Topic 2 focuses on education-related concerns, including high school, teachers,
cheating, and exams. Topic 3 reflects existential and ethical fears tied to Al, with keywords such as destroy human-
ity, deceive, and copyright. Topic 4 is concerned with healthcare and clinical issues, including cancer, hospitals,
patients, and medicine. Topic 5 deals with regulatory and legal frameworks, featuring terms like EU law, regula-
tion, and world law. Topic 6 shows tech leadership and robotics, with names like Sam Altman, OpenAl, chatbots,
and robotics. Topic 7 addresses political interference and elections, with keywords such as influence elections,
democracy, and campaigns. Topic 8 relates to social media and privacy, with terms like YouTube, Instagram, user
data, and NVIDIA. Topic 9 emphasizes warfare and geopolitical threats, including nuclear, Ukraine, weapons, and

Table 2: Pairwise Mann-Whitney U test results with effect sizes.

Domain Pair U-statistic p-Value Effect Size (r) Interpretation
Education versus Healthcare 41,978,129.00 0 0.16 Small effect
Education versus Robotics 44,726,836.50 0 0.105 Small effect
Education versus Society 63,714,804.00 0 —-0.274 Small effect
Healthcare versus Robotics 52,559,970.00 0 —0.051 Small effect
Healthcare versus Society 68,426,711.00 0 —0.369 Medium effect
Robotics versus Society 66,616,369.00 0 —0.332 Medium effect
Workforce versus Education 52,451,658.50 0 —0.049 Small effect
Workforce versus Healthcare 45,255,945.00 0 0.095 Small effect
Workforce versus Robotics 47,576,088.00 0 0.048 Small effect
Workforce versus Society 63,428,451.00 0 —0.269 Small effect

Table 3: Sentiment differences (A) across domains.

Large Differences (A > 0.20) Society versus Healthcare (0.310), Robotics (0.282),
Education (0.233), Workforce (0.224)

Moderate Differences (0.05 < A < 0.20) Healthcare versus Workforce (0.086),
Education (0.078), Robotics versus Workforce (0.058),
Education (0.049)

Small Differences (A < 0.05) Education versus Workforce (0.008),

Healthcare versus Robotics (0.028)
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Figure 11: Results of topic modeling on negative news headlines across all domains.

disinformation. These topics show key negative narratives and concerns surrounding Al across societal, political,
and technological contexts.

5. Discussion

In this study, Al-related headlines were analyzed using sentiment analysis, topic modeling, and statistical testing to
examine how Al is framed in global news discourse across five domains: Education, Healthcare, Robotics, Work-
force, and Society. These domains showed a spectrum of narratives, ranging from optimistic portrayals in healthcare
and robotics to polarized and cautionary tones in societal coverage. This divergence shows that perceptions of Al
are not monolithic; rather, they are shaped by the specific affordances, risks, and socio-political dynamics unique to
each domain. Sentiment distributions varied significantly across domains, as confirmed by Kruskal-Wallis and pair-
wise Mann-Whitney U tests, reinforcing the importance of disaggregated approaches in Al impact studies. Topic
modeling further elucidated the complex themes driving these sentiments, from innovation and empowerment to
inequality and existential risk. Education headlines focus on adaptive learning but also flag risks like academic dis-
honesty and overdependence on generative tools. In healthcare, Al is transforming diagnostics, personalized treat-
ment, and operational efficiency. It enables early anomaly detection through advanced algorithms like GANs and
VAESs, supports customized care plans, accelerates medical research via synthetic data and disease modeling, and
automates administrative tasks to reduce clinician burnout. Predictive analytics enhance risk prediction, pandemic
response, and population health management. Beyond clinical settings, Al improves medical education, marketing,
and revenue cycle management. However, concerns persist around algorithmic bias, data privacy, and the opacity
of deep learning models, which risk undermining trust and widening disparities. Ensuring equitable, transparent,
and validated AI deployment is crucial to preserving healthcare’s human-centered values (Bhuyan et al. 2025).

Robotics is tied to industrial automation and AVs, with both praise for efficiency and worry over job loss. Work-
force, although broadly positive, showed deeper polarization, as evidenced by its high standard deviation. This
domain exhibited conflicting themes: new job creation in Al and data science juxtaposed with fears of job automa-
tion, precarious gig work, and wage stagnation. Society-related topics covered deepfakes, disinformation, and geo-
political tensions, framing Al as both powerful and potentially harmful. Our topic model on negative headlines
further confirmed widespread concerns. Themes like Al in warfare, ethics, and labor automation convey the fear of
unintended consequences if Al is left unchecked. These findings suggest a broader media trend of technological
determinism, where Al is celebrated in some domains and problematized in others. This polarized framing risks
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distorting public understanding, policymaking, and responsible adoption. Positive bias in healthcare and robotics
may create “informational bubbles,” while dystopian framings in societal discourse could amplify fear and mistrust.
News media, therefore, must aim for balanced, fact-based reporting that resists binary extremes. The role of news
media in creating public understanding is particularly critical given that much of the public relies on such sources to
construct their beliefs about technological futures.

These findings emphasize the need for HEAI that prioritizes human values, rights, and well-being. Importantly,
recent work on taxonomy-based query classification demonstrates that many perceived failures of LLMs arise from
mismatches between query intent and model capability rather than inherent system unreliability, highlighting how
misunderstanding Al behavior can contribute to distorted public narratives and misplaced fear (Samuel et al.
2025b). It demands transparency, fairness, accountability, and user agency at every stage of Al design, deployment,
and regulation. Rather than centering only on performance or profit, HEAI focuses on ensuring that Al serves
people; supporting equity, inclusion, and social good. Foundational research has articulated the importance of cul-
turally sensitive, personally adaptive, and ethically guided AI frameworks across education, governance, and infor-
mation systems (Samuel et al. 2023; Kashyap et al. 2024). These contributions introduce concepts such as adaptive
cognitive fit and generative systems design, emphasizing participatory Al development and alignment with diverse
human needs (Garvey et al. 2021; Samuel et al. 2022). We propose the development of a globally distributed,
HEAI-enhanced ethics board, functioning as a decentralized consortium where Al systems assist human experts
from diverse domains like philosophy, sociology, law, and computer science in evaluating Al models before
deployment. Blockchain can further support transparency and shared oversight. Additionally, ethical “red-teaming”
(the practice of engaging independent groups to simulate adversarial and failure scenarios) should become standard
practice, stress-testing models in sensitive domains like healthcare and law enforcement before public release. From
a policy standpoint, differentiated strategies are required to address domain-specific risks. For instance, while Al in
education demands pedagogical reforms that promote digital literacy and critical thinking, Al in society necessitates
robust regulatory frameworks that safeguard privacy, autonomy, and democratic participation. Similarly, labor
market shifts induced by Al require proactive investments in workforce reskilling, social safety nets, and ethical
guidelines for workplace automation. Thus, the application of Al should be accompanied by education on its limita-
tions, potential biases, and ethical considerations. Moreover, public discourse must be grounded in nuance, resisting
reductive framings of Al as purely utopian or dystopian.

6. Future Research

Through sentiment analysis and topic modeling of news headlines, this study enhances understanding of AI’s
multi-faceted discussions and provides new opportunities for future work. Our analysis is based on a sample of
50,000 headlines, stratified by five domains. While the findings are certainly valid, there is greater breadth across
the full dataset of over 288,000 records, so subsequent research should use this large corpus to increase generaliz-
ability. The sample used in this study leaned notably toward the positive spectrum in sentiment, which may have
influenced the skewed portrayal of domains such as healthcare and robotics as predominantly utopian. Future work
should validate sentiment analysis using human-annotated ground truth data by sampling 500-1,000 stratified head-
lines and multiple annotators, enabling evaluation with standard performance and inter-annotator agreement metrics
(e.g., accuracy, F1, Cohen’s kappa, Krippendorff’s alpha). Analyzing more multilingual headlines and regional
sources could give a more balanced picture of global Al discourse. Furthermore, longitudinal analyses across multi-
ple years would allow researchers to observe temporal shifts in sentiment, capturing how public discourse evolves
in response to major Al breakthroughs, regulations, or incidents (e.g., data breaches, election interference, medical
Al recalls). In parallel with the sentiment analysis, this study explored the use of instruction-tuned models: Deep-
Seek-R1-Distill-Qwen-1.5B and 7B variants, for emotion classification of Al news headlines. Results showed mod-
erate performance, with 1.5B surprisingly outperforming 7B (57.6 percent versus 31.6 percent) on predefined
emotion categories (e.g., Sadness, Anger, Fear, Trust). Allowing the model to self-generate emotion categories led
to 30 unique emotional expressions, showing the potential of open-ended approaches to capture affective subtlety.
These findings suggest that domain familiarity and instruction clarity may outweigh raw parameter count in emotion
classification tasks. Future work could explore few-shot prompting, contrastive examples, and fine-tuning small
LLMs with emotion-labeled data to improve performance. Our keyword-based classification approach, while effec-
tive in enabling domain-level analysis, is limited by its reliance on static pattern-matching rules. Future iterations
could explore deep-learning-based classifiers (e.g., fine-tuned BERT or RoBERTa models) trained on labeled data-
sets to improve accuracy, especially in overlapping or ambiguous headlines. These models can capture contextual
subtleties that are often missed by rule-based approaches. Embedding techniques could also be enhanced by inte-
grating contextual sentence encoders (domain-specific sentence-BERT models) and hierarchical attention networks,
particularly to differentiate between multi-topic headlines. Future research may benefit from incorporating
multi-modal data sources including full news articles, social media posts, policy papers, and public speeches to
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triangulate sentiment and emotion trends. This would help validate whether headlines align with the tone of the
underlying content and assess how media framing influences public perception. To further enrich our understanding
of public opinion beyond traditional news media, future research should incorporate social media platforms such as
Reddit and Twitter, where decentralized, real-time discourse often captures emerging sentiments, grassroots reac-
tions, and public skepticism more candidly than curated news headlines. These platforms enable the exploration of
bottom-up narratives, emotional volatility, and community-level trends that may not yet surface in mainstream jour-
nalism. Sentiment dynamics from social media can also serve as early indicators of public backlash, resistance, or
support in response to key Al developments or regulatory shifts. Tracking sentiment over time alongside events
could identify inflection points in public opinion. While sentiment analysis offers critical insights into public percep-
tions of Al, future research should also assess the tangible outcomes of Al deployment across diverse communities.
Al-driven innovations can expand access to healthcare, education, and economic opportunities, yet they also risk
deepening inequalities, displacing workers, and amplifying bias if deployed without oversight. Community-level
studies could reveal disparities in how different populations experience AI’s benefits and harms, offering a more
complete picture beyond media narratives. Understanding these impacts will be essential to ensuring that Al develop-
ment promotes equity, sustains public trust, and supports resilient, inclusive communities over the long term.

7. Conclusion

The future of Al is not predetermined but actively constructed through policy choices (Samuel 2021), media narra-
tives, technological design, and public engagement. Recent work also shows how fear-inducing news headlines fuel
“Al phobia” and distort public understanding, which in turn shapes reactive policies (Samuel et al. 2025a). Along-
side these sociopolitical dynamics, Al agents, agentic Al, and swarm intelligence are emerging focal areas in Al
research and practice. The emphasis lies on increasing levels of autonomy, agent-to-agent collaboration, self-
learning, and adaptation to environmental variables, along with synchronized functioning to achieve complex goals
with minimal human oversight. These paradigms are increasingly recognized for their transformative potential
across domains such as scientific discovery, intelligent systems design, and human—machine collaboration (Acharya
et al. 2025; Gridach et al. 2025; Sapkota et al. 2026). By critically examining how Al is represented in the public
sphere, this research contributes to a more informed, ethical, and inclusive path forward. As Al systems become
increasingly embedded in critical infrastructures, educational institutions, workplaces, and personal lives, their soci-
etal impact will be determined not by technological inevitability, but by how they are communicated, regulated, and
adopted. To ensure this trajectory remains responsible, high-impact Al systems should be subject to independent
ethical audits and adversarial “red-team” testing before deployment, while governments and institutions must simul-
taneously invest in sustained public education initiatives that promote Al literacy to enable citizens to engage crit-
ically and democratically with these technologies.
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ABSTRACT

Missing data are a ubiquitous challenge when training unbiased, high confidence machine learning
(ML) models on real-world data. To help address this issue, we propose Sudokulmputer v1.0.0, a
novel graph-based framework, to estimate missing values in an iterative, uncertainty aware process.
The behavior of Sudokulmputer is assessed across numerous design hyperparameters, including
multiple network centrality methods, feature prioritization modes, statistical associations and pair-
wise availability ratios for edge weight assignment, and partner node proportions. We benchmark
Sudokulmputer against point-value imputations, MICE, kNN, matrix factorization, and SoftImpute.
Sudokulmputer achieves best-in-class RMSE on MAR (mean rank = 1.7) and MNAR (mean rank
= 1.8) missing data across most missingness proportions from ten percent to fifty percent in three
experimental benchmarks. Sudokulmputer is sensitive to dataset dimensionality, and optimizing
algorithmic runtime remains an unresolved challenge. Future work should evaluate Sudokulmputer
on mixed-data benchmarks and seek to iterate on the foundational graph framework laid here.

Keywords imputation, constraint satisfaction, data preprocessing, graph network, MNAR, MAR, benchmarking.

1. Introduction

Large, high-quality datasets play an instrumental role in training effective machine learning (ML) models and artifi-
cial intelligence (Al) systems. Specifically, achieving state-of-the-art (SOTA) performance with deep learning net-
works is dependent on extensive, heterogeneous training data to match the learning capacity of large models
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(Hestness et al. 2017; Kaplan et al. 2020; Hoffmann et al. 2026). Aggregating and cleaning datasets is a non-trivial
and ubiquitous challenge across AI/ML domains, due to the widespread presence of missing feature data in real-
world datasets (Kang 2013; Zhang 2016; Schouten and Vink 2018; Misztal 2019). Missing data can introduce bias,
reduce model performance, and compromise the generalizability of predictions if not properly handled.

It has been shown that low data quality, including incomplete data, can lead to revenue losses from 8% to 12% for
service organizations (Prasad 2024). One example of its repercussions can be seen in the context of public health.
Vaccination databases often have incomplete entries for various reasons such as data entry errors and difference
protocols between clinics. During outbreaks of diseases, missing vaccination fields cause underestimated risk
zones, delaying appropriate responses (Brown 2025). In another instance, cameras and sensors on roads often drop
frames. These missing readings can break traffic-flow prediction models and cause reduced accuracy in navigation
systems. Imputation algorithms mitigate these challenges by replacing missing data with numerical estimates (Sun
et al. 2022).

2. Literature Review

2.1 Classes of Data Missingness

Rubin establishes three classes of missing data mechanisms, delineated by the implicit biases driving their missing-
ness (Rubin 1976). Missing Completely at Random (MCAR) describes cases where the probability of an absent
data point is independent of both observed and unobserved data. Missing at Random (MAR) describes data whose
probability of being missing is dependent only on observed data and is independent of absent data. Finally, Missing
Not at Random (MNAR) describes data whose missingness is dependent on unobserved data, but is independent of
observed data (Table 1) (Heymans and Twisk 2022). Discarding entries with missing values can severely reduce a
dataset’s size and introduce bias, especially in MAR or MNAR scenarios. Therefore, understanding the causal prob-
abilities that drive data missingness is a crucial consideration when identifying and designing unbiased approaches
to approximate missing data.

2.2 A Brief Overview of Commonly Used Imputation Methods

Imputation is the process of inferring synthetic estimates for missing values (Table 2) (Heymans and Twisk 2022).
Some of the simplest imputation strategies include case substitution and point-value imputation, where missing
values are filled with either a randomly selected feature value or the mean, median, or mode of the feature data

Table 1: Table characterizing and comparing the three classes of data missingness: MCAR, MNAR, and MAR.

Missingness Key Bias Handling
Type Definition Assumptions Implications Strategies
MCAR (Missing Missingness is No systematic No bias intro- Complete-case
Completely at independent of relationship duced; loss of analysis, simple
Random) both observed between missing- efficiency only imputation
and unobserved ness and data (smaller sample (mean/median),
data. values. size). advanced
methods optional.
MAR (Missing at Missingness Missingness can Can bias results if Multiple
Random) depends only on be explained fully not modeled cor- imputation,
observed data by variables that rectly; unbiased if maximum
(not on the miss- are present. the missingness likelihood,
ing values). mechanism is model-based
accounted for. imputation.
MNAR (Missing Missingness Missingness Highest risk of Sensitivity
Not at Random) depends only on mechanism not bias; standard analysis, explicit
unobserved captured by methods may fail. modeling of
values; independ- observed missingness
ent of observed covariates. process,
values. specialized
algorithms.
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Table 2: Characterization and comparison of various numerical imputation strategies.

Method

Mechanism

Assumptions

Advantages

Limitations

Point Value
Imputation

SoftImpute
(SVD-based)

Matrix Factori-
zation (e.g.,
NMF, PMF)

kNN Imputation

MICE (Multiple
Imputation by
Chained
Equations)

MissForest

Variational
Autoencoder
(VAE)
Imputation

GAIN (Genera-
tive Adversarial
Imputation
Networks)

Replace missing
values with feat-
ure mean,

median, or mode

Low-rank matrix
completion via
iterative soft-
thresholded SVD
Factorize data
matrix into latent
factors, then
reconstruct miss-
ing entries
Replace missing
values with
weighted average
of neighbors
Iteratively
imputes each
variable using
regression on
other variables,
generating multi-
ple datasets
Iterative imputa-
tion using
Random Forests

Learns latent rep-
resentation of
data, imputes by
reconstructing
missing values
Adversarial train-
ing; generator
imputes and dis-
criminator distin-
guishes real vs
imputed

Missingness is
random; central
tendency
adequately repre-
sents data

Data lies near a
low-rank
structure

Data approxi-
mates low-
dimensional
latent structure

Similar samples
have similar
values

Relationships can
be modeled line-
arly (extensions
exist for non-
linear)

Tree ensembles
approximate rela-
tionships well

Data distribution
is well-
approximated by
latent space

Missingness pat-
terns can be mod-
eled through
adversarial
training

Extremely fast;
preserves dataset
size; easy to
implement

Captures global
feature
relationships

Good for collabo-
rative filtering
and sparse data

Captures local
structure; non-
parametric; easy
to explain
Accounts for
uncertainty; flexi-
ble; widely used
in biomedical
research

Nonlinear +
mixed data sup-
port; often strong
empirical
performance
Captures complex
relationships;
scalable;
probabilistic
imputations
Performs well on
complex data;
captures uncer-
tainty; flexible

Distorts variance
and correlations;
underestimates
uncertainty

Sensitive to rank
choice; struggles
with nonlinear
interactions

May ignore local
feature correla-
tions; requires
tuning latent
dimension

Bias in sparse/
high-dimensional
data

Slow on large/
high-dimensional
data; requires
careful model
choice per
variable

Computationally
intensive; can be
overfit with small
samples

Requires tuning
architecture;
sensitive to
training
instability
Training instabil-
ity; sensitive to
hyperparameters;
computationally
heavy

(Alam et al. 2023). Hot and cold deck imputation strategies are like point-value imputation, except they are pre-
ceded by partitioning the available data into clusters and then associating missing data with a certain cluster
(Monard 2002). While straightforward and computationally efficient, these methods can distort data distributions
and fail to preserve relationships between features, particularly in complex, high-dimensional datasets (Alam et al.
2023). ML-based imputation strategies often preserve the data’s variance from the ground truth distribution better
than point-based methods. For instance, the lazy learning algorithm k-Nearest Neighbors (kNN) predicts missing
values by referencing the non-missing values of its closest existing neighbors across the full feature space (Halder
et al. 2024). Regression imputation iterates across each feature as a linear function of all other features, allowing
each column’s missing values to be predicted using known values in the rest of the feature set (Zhang 2016). Mis-
sForest, an abstraction of the Random Forest algorithm, bootstraps decision trees for non-linear data imputation
using pre-determined data partitioning and stop criteria (Schonlau and Zou 2020). Multivariate imputation by
chained equations (MICE) begins by imputing missing values with point-value estimates in all but one feature.
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Then, once that feature is imputed using a regression model, the model is refitted on newly imputed data, and
another feature can be imputed using the updated model. This process repeats across all features and is done in mul-
tiple iterations until the imputed values stabilize (Mera-Gaona et al. 2021). Matrix factorization-based methods
instead approximate the observed dataset as the product of two lower-rank matrices, leveraging latent structure to
estimate missing values via reconstruction. Softlmpute employs iterative singular value decomposition (SVD) to a
convex optimization problem by minimizing the nuclear norm (the sum of singular values) of the completed matrix.
SoftImpute is reportedly less prone to overfitting than matrix factorization methods, better preserves global correla-
tion structure, and is widely regarded as a gold-standard approach for SVD-based imputation.

2.3 Existing Methods Show Only Moderate Success on Benchmarks

Previous investigations sought to characterize the performance of numerical imputation strategies on benchmark
datasets to identify the strongest general use approach. Poulos and Valle find that kNN imputation—compared to
random forest imputation, random replacement, point-value imputation, and support vector machine-based
methods—most strongly reduced the downstream validation error performance of supervised classification models
(Poulos and Valle 2018). Jadhav, Pramod, and Ramanathan similarly find that kNN imputation achieves the lowest
mean RMSE compared with predictive mean matching, Bayesian Linear Regression, non-Bayesian regression, and
random sampling for three experimental datasets perturbed with ten percent to fifty percent data missingness
(Jadhav et al. 2019). Jager, Allhorn, and BieBmann benchmarked mean value, kNN, Random Forest, Variational
Autoencoder (VAE), and Generative Adversarial Imputation Networks (GAIN)-based imputation strategies across
69 labelled datasets across the three data missingness mechanisms. They find that Random Forest-based imputation
consistently outperforms all others, regardless of whether the imputation methods are provided complete training
data for model fitting (Jdger et al. 2021). They also report that VAE and GAIN perform poorly relative to other
strategies regardless of missingness type or missingness proportion. However, while they report the average relative
rank of each algorithm on the imputation experiments, they do not report the average RMSE of imputations,
making it unclear the degree to which one strategy is preferable over another. Furthermore, no experiments bench-
marking imputation assess the runtime of their models, a crucial consideration that affects the scalability for big
data and deep learning applications.

2.4 Technical Challenges of ML-Based Imputation Strategies

While ML-based imputers repeatedly achieve best-in-class performance, there exist demonstrable limitations and
areas for algorithmic improvement. Eager learners, such as linear regression models and random forest regressors
that drive MICE and MissForest, hold out one feature as a pseudo-target and leverage remaining feature columns as
a pseudo-feature set. These algorithms train a model on rows where there are no missing data in either the pseudo-
feature set or the pseudo-target, then predict the pseudo-target for rows where it is absent (and where the pseudo-
feature set is complete). This creates two technical challenges.

The first challenge is how these algorithms handle missing values in the pseudo-feature set, since a complete feature
set is necessary to train models and predict missing pseudo-targets. This is particularly noteworthy in MAR and
MNAR-type missing data. In MAR contexts, data missing in a pseudo-target may be associated with missing
values among pseudo-features, meaning these eager learners often fit models on feature subsets with fewer training
instances which in turn increases the bias of the imputation estimate. In MNAR contexts, where missing values in a
pseudo-target may be associated with values observed in that same pseudo-target, the distribution of pseudo-target
values in the training subset may not be representative of the imputation subset, creating poorly generalized
estimates.

The second challenge is with how these algorithms select the sequence of features to impute, which is an over-
looked but non-trivial design. In active learning and Bayesian optimization, this challenge is resolved with acquisi-
tion functions, which model uncertainty associated with instances of unlabeled data to determine the sequence of
instances the model should predict to minimize future uncertainty (Aral and Van Alstyne 2010; Larson 2017; Di
Fiore et al. 2024). ML-based imputation inherently lends itself to consider an active learning-inspired framework,
as imputing values in each pseudo-target will influence associations between that label and the feature set, propagat-
ing changes to future features’ imputations.

Here, we present Sudokulmputer, a graph-based imputation framework that leverages network analysis and ML
modeling to reduce the error of estimates by selecting an optimal sequence of features whose imputation would
strengthen feature-wise associations for future iterations of imputation. The roadmap for this paper is as follows:
first, we discuss the theory and logic underlying the framework, then evaluate its performance across an exhaustive
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design hyperparameter space, and finally benchmark its performance on three datasets induced with MCAR,
MNAR, and MAR missingness at a ten percent to fifty percent proportion of missingness.

3. Methods

3.1 Sudokulmputer Algorithm Design

The values missing from a feature set can be analogized to a sudoku puzzle; sudoku requires the values O through 9
be used only once in each row, column, or three-by-three cluster, and the player’s objective is to fill in empty cells
using information provided by the values of surrounding cells. From a game theory perspective, sudoku is a con-
straint satisfaction problem where the optimal strategy minimizes the risk of a misassignment at each step and maxi-
mizes information gain for downstream steps. As the player makes assignments, it influences their future
assignments. Therefore, there exists an optimal path to sequentially assign values to cells in order to solve the
puzzle with 0 backtracks or corrections.

This was the inspiration behind our novel imputation technique called Sudokulmputer. Sudokulmputer estimates
missing values through an iterative three-stage process of (1) weighted graph construction, (2) network-based priori-
tization, and (3) regression-based prediction. This three-step iterative algorithm mimics uncertainty-based principles
leveraged by graph Bayesian optimization, entropy minimization, and acquisition functions in active learning
(Gértner et al. 2003; Frazier 2018; Garnett 2023; Xie et al. 2025). First, the algorithm represents the data matrix as
an undirected weighted graph whose nodes correspond to features and whose edges quantify pairwise associations.
Edge weights can be defined (1) by measures of correlation (e.g., Spearman’s p, Pearson’s r, or coefficient of deter-
mination R?), (2) by the proportion of rows jointly observed for each feature pair, or (3) by their product. This
weighting scheme ensures that both statistical association and data availability influence the topology of the graph.
Users may also impose an edge-weight threshold, thereby restricting the graph to only the strongest or most data-
supported feature connections; high thresholds increase graph sparsity, which could enhance detection of strong
subgraphs in multicollinear datasets or isolate islands in uncorrelated data.

A distinctive aspect of Sudokulmputer is its flexibility in how the order of imputation is determined. In centrality
prioritization, the sequence is governed by graph-theoretic centrality measures such as degree, betweenness, or
eigenvector centrality. This strategy allows the algorithm to begin with either highly connected “hub” features
(descending centrality) or with more peripheral features (ascending centrality). In contrast, utility-based prioritiza-
tion directly ranks features by the proportion of observed data available for them (they possess more completeness,
and thus “utility,” to fit imputation models for partner features), in either ascending or descending rank order. Based
on uncertainty sampling in active learning, the ascending direction is recommended for centrality-prioritized impu-
tation. While centrality prioritization emphasizes structural importance in the correlation network, utility prioritiza-
tion emphasizes practical completeness, offering an alternative that may be advantageous in settings with uneven
missingness patterns.

Once centrality-based or utility-based prioritization selects the top-ranking target feature, it is imputed using its
neighbors in the graph that exceed the chosen edge threshold. These neighbors serve as predictors in a multivariate
regression model, which may be instantiated by linear regression, tree-based methods, or other user-specified learn-
ers. The model is trained on the subset of rows where both the target and its partner features are observed and then
used to predict missing entries in the target. If some values remain missing after this process, which may be the case
if selected partner nodes are also null at a given row, then they are filled using a simple median fallback, ensuring
that no feature column remains incomplete.

After each column is imputed, the data matrix is updated, and the weighted graph is reconstructed to reflect the new
joint availability and correlations. This cycle of graph construction, prioritization, and imputation repeats until all
features have been filled. By continuously adapting the graph to incorporate newly imputed data, Sudokulmputer
leverages both global feature relationships and evolving data availability, yielding a dynamic and context-aware
imputation process (Figure 1).

We performed two phases of experiments: (1) Sudokulmputer framework optimization and hyperparameter explora-
tion and (2) benchmarking evaluation of Sudokulmputer against competing numerical imputation strategies.
3.2 Evaluating Sudokulmputater Design Construction Parameters

We evaluate six design hyperparameters on Sudokulmputer: centrality method (degree, betweenness, or eigenvector
centrality), feature prioritization mode (centrality-based, utility-based), partner node proportion (eight percent, fif-
teen percent, or twenty-five percent), an eight-five percent edge threshold, and various combinations of alpha and
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Figure 1:Flowchart depicting the Sudokulmputer framework. The input dataset is iteratively processed through
three steps: (1) graph construction, (2) network-based node prioritization, and (3) regression-based prediction. The
framework provides a non-arbitrary method for identifying which values in each iteration will propagate better esti-
mates for future imputations.

beta values ([1.5, 0.5], [0.5, 1.5], and [1.0, 1.0]). Alpha and beta coefficients tune the attribution of statistical associ-
ation (alpha) and pairwise availability (beta) to edge weight construction; larger alpha increases the effect of feature
correlation strength on edge weighting, while larger beta increases the effect of joint data availability. The electro-
encephalogram (EEG) eye state dataset induced with MCAR, MAR, and MNAR missingness at a ten percent pro-
portion is used to perform a grid search across this hyperparameter space.

3.3 Benchmarking Sudoku Imputation Against SOTA Algorithms

Three classification benchmarking datasets were sourced and downloaded from the University of California Irvine
Machine Learning Repository. The QSAR biodegradation dataset contains 1055 chemical compounds (rows) char-
acterized by 41 molecular descriptors (columns) (Mansouri et al. 2013). The EEG eye state dataset contains 14
EEG measurements for 14,980 instances of eye state measurements (Roesler 2013). Finally, the Arcene mass spec-
trometry dataset characterizes the protein expression for 10,000 species in blood serum across 900 patients (Guyon
et al. 2004). These three benchmarks were selected to evaluate datasets with varying dimensionality, size, and
inductive biases. For instance, the Arcene dataset has a high feature space with few instances and given the nature
of tumor biology there may be coregulation of plasma proteomic features, while the EEG dataset has many instan-
ces with few features that capture rather distinct EEG traits. We induce data missingness at varying proportions
from 0.1 to 0.5 (by increments of ten percent) for each data missingness class (MCAR, MAR, and MNAR) across
each dataset. A complete characterization of experimental benchmark datasets is available in Supplemental Table 1.

Sudokulmputer performance was benchmarked against point-value imputation (with mean and median), MICE,
kNN, matrix factorization, and SoftImpute (SVD). We evaluated model performance primarily using algorithm run-
time and the RMSE between imputed and ground truth values for each column; we normalize column metrics and
compute the mean across columns to aggregate a model-by-dataset performance value. R?, Pearson correlation, and
mean absolute error are also computed for each experimental dataset and available in the supplemental data tables.

4. Results

4.1 Behavior of Sudokulmputer across Broad Design Parameter Space

Exploration of the hyperparameter space using Gini entropy-based feature importance demonstrated that runtime
was almost entirely determined by prioritization mode (Figure 2(A)). Across MCAR, MNAR, and MAR missing-
ness, prioritization mode accounted for 99.38 percent, 97.68 percent, and 98.87 percent of runtime variance, respec-
tively. Centrality-based prioritization produced average runtimes of 3.48, 0.84, and 4.30 seconds across MCAR,
MNAR, and MAR, while utility-based prioritization produced longer runtimes of 46.57, 11.42, and 54.32 seconds
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Figure 2: Gini entropy-based associations between Sudokulmputer (A) runtime and (B) RMSE against algorithm
hyperparameters. (C) Runtime distributions for 108 hyperparameter combinations in MCAR (left), MNAR
(middle), and MAR (right) data missingness grouped by prioritization mode, the hyperparameter most strongly
associated with runtime by Gini impurity. (D) RMSE distributions for 108 hyperparameter combinations grouped
by imputation partner node proportion.

(Figure 2(C)). RMSE was strongly affected by numerous hyperparameters. Partner proportion showed the strongest
Gini entropy association with RMSE (88.84 percent, 89.65 percent, and 44.30 percent across MCAR, MNAR, and
MAR), while prioritization mode, edge threshold rule, edge threshold value, and centrality method each contributed
more than two percent feature importance to RMSE in at least one missingness class (Figure 2(B)). A partner pro-
portion of 0.25 consistently resulted in higher average RMSE (Figure 2(D)).

UMAP projections of hyperparameter combinations reveals that distinct clusters of parameters are associated with
lower runtimes, while disparate coordinates in the hyperparameter space are associated with lower RMSE (Supple-
mental Figure 1). Furthermore, association analyses between UMAP embeddings and corresponding hyperpara-
meter values demonstrates that the prioritization mode was a dominant contributor to model grouping
(Supplemental Figure 1(C)) across MCAR and MAR missingness classes. Interestingly, UMAP embeddings for
MNAR missingness are most strongly associated with the edge threshold rule (a design criteria for graph sparsity),
which is either an 85th percentile cutoff or no rule (full graph). The raw RMSE and runtime of hyperparameter grid
search experiments are available in Supplemental Tables 3, 4, and 5.
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Figure 3: Model fitting behavior of Sudokulmputer relative to total dataset volume, column count, and row count
across missingness proportions. All other model properties (imputability ratio, fallback imputations per dataset,
etc.) were trivial or insignificant; a full table is defined and available in the log files published to GitHub (see Sup-
plemental Materials).

The number of models trained varied substantially across experimental datasets. No clear relationship was observed
between the number of models trained and the missingness proportion (Supplemental Figure 2). Instead, dataset
dimensions (row count, column count, and their product) were correlated with the total number of models trained
(Figure 3). Dataset volume was therefore a more consistent driver of model training burden than missingness level.
Other logged properties, including imputability ratio and fallback imputations, contributed minimally and were not
retained for further analysis. Overall, these findings indicate that Sudokulmputer’s scalability is primarily influenced
by dataset size and structure rather than the proportion of missing values.

4.2 Sudokulmputer Is Best-in-Class against Six Numerical Imputation Techniques

Across 45 experimental datasets (three datasets induced with three missingness types over five missingness propor-
tions), Sudokulmputer records best-in-class performance by RMSE in 22 datasets. This effect is most noteworthy at
higher proportions of data missingness, where relative to other strategies Sudokulmputer often records a substan-
tially lower average RMSE (Figure 4; Supplemental Figure 3). The performance of Sudokulmputer is more robust
on MNAR and MAR data missingness than comparable ML-based techniques like MICE and SoftImpute. Statisti-
cal ML-based imputation strategies outperform point-value imputation across all benchmarks. When each method
was ranked in each experimental dataset and averaged together by data missingness class, Sudokulmputer was con-
sistently the top-ranking algorithm by missingness type (Figure 5). Other algorithms such as MICE and kNN incon-
sistently beat Sudokulmputer and demonstrate a worse performance distribution than Sudokulmputer. In a
comparison of the mean and median rank of MICE, kNN, and Sudokulmputer grouped by experimental dataset and
missingness type, Sudokulmputer records the highest or second highest rank in seven out of nine groups, while
kNN and MICE combined record the highest or second highest mean/median rank in eight out of nine groups
(Figure 6). Mean RMSE scores of all models in each dataset are available in Supplemental Table 1.

Sudokulmputer outperforms all imputation algorithms (records the lowest RMSE) in four out of 15 MCAR experi-
ments, nine out of 15 MNAR experiments, and nine out of 15 MAR experiments (Figure 7). When Sudokulmputer
achieves the lowest RMSE, it is often by a stable margin; average normalized RMSE margins between Sudokulm-
puter and the second-best method are 0.0057, 0.0067, and 0.012 for MCAR, MNAR, and MAR-type missingness.
When Sudokulmputer does not achieve best-in-class performance in MCAR and MNAR experiments, it is by an
equivalently stable margin (average normalized RMSE margins: 0.0053, 0.0038). However, in MNAR Sudokulm-
puter underachieves by considerably larger margins (Figure 8). Sudokulmputer demonstrated stable performance
relative to other imputation techniques; it had fewer monotonicity violations than kNN and MICE on EEG and
QSAR datasets (Supplemental Figure 4) and noteworthy performance jumps (greater than a mean RMSE of 0.05)
between subsequent missingness proportions were only observed between forty percent and fifty percent missing-
ness (Supplemental Figure 5).

While Sudokulmputer records the lowest average RMSE across most experimental datasets, it also records the high-
est runtime across datasets compared with six numerical imputation strategies (337.96, 138.60, and 5212.77 sec-
onds for the QSAR, EEG, and Arcene datasets) (Figure 8). Given that the QSAR, EEG, and Arcene datasets each
contain 40, 12, and 100 columns of data, it appears that Sudokulmputer and MICE runtimes scale proportionally to
the feature set size of the dataset while kNN, matrix factorization, and SoftImpute are more robust against dataset
size effects. Across all non-point value imputation algorithms, runtime is slightly proportional to data missingness
proportion, with longer runtimes documented for larger missing data volumes. The raw runtime of each model in
each experimental dataset is available in Supplemental Table 2.
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Figure 4: Comparative line plots of mean RMSE over data missingness proportions for Sudokulmputer against
median, mean, kNN, MICE, Softlmpute, and Matrix Factorization imputation. Results are grouped by data missing-
ness type and experimental dataset.
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Figure 5: Median and mean ranking of Sudokulmputer against six benchmarking imputation methods by average
imputation RMSE. Ranking is scored among the seven algorithms within each missingness proportion for a given
experimental dataset (i.e. within “EEG 10% missingness”). Each box-and-whisker plot represents the distribution
of 15 rankings for that algorithm on the grouped missingness type. The median rank is denoted with the orange
line, and the average rank with the green triangle. The highest overall ranking method for each missingness type is
highlighted in blue.
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Figure 6: Mean and median (in parenthesis) RMSE rankings for three ML-based imputation algorithms: Sudokulm-
puter (left), MICE (middle), and kNN (right). Green and purple values indicate the highest and second highest rank
among all seven evaluated imputation strategies. * Matrix factorization scored the second highest rank in the
MCAR Arcene dataset (mean rank = 1.8, median rank = 2.0).
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Figure 7: Number of Sudokulmputer best-in-class performances relative to six imputation methods across 15 experi-
mental datasets, as measured by average RMSE. Among Sudokulmputer wins (lowest RMSE), the average RMSE
margin against the runner-up method is overlayed in green. Among Sudokulmputer losses, the average RMSE
margin against the best performing imputation method is overlayed in red. Error bars indicate a ninety-five percent
confidence interval.

5. Discussion

In this study, we introduce Sudokulmputer, a graph-based imputation framework inspired by constraint satisfaction in
Sudoku puzzles, and we evaluate its performance on three benchmark datasets with MCAR, MAR, and MNAR missing-
ness across a range of missingness proportions. Our results demonstrate that Sudokulmputer frequently achieves SOTA
RMSE performance, particularly under MAR and MNAR conditions, but at the cost of higher computational runtime.

5.1 Hyperparameter Behavior and Design Implications

Analysis of the hyperparameter space revealed that runtime is overwhelmingly determined by prioritization mode,
with centrality-based feature imputation sequencing resulting in order-of-magnitude reductions in execution time
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Figure 8:Runtime comparison between seven imputation strategies grouped by experimental dataset in log-
seconds. Error bars reflect the standard deviation of runtime across the five missingness proportions for a given
dataset. Values in the data table reflect runtime in non-logarithmic seconds.

compared with utility-based feature imputation sequencing. This finding underscores the importance of feature
ordering in iterative imputation, a design choice that has received little attention in prior work. While kNN, MICE,
and MissForest are known to achieve robust imputations through neighborhood or ensemble learning, they do not
adaptively prioritize features during the imputation process. Sudokulmputer’s reliance on network centrality thus
provides a novel mechanism to improve scalability.

In contrast, RMSE was shaped by multiple interacting hyperparameters, most notably partner proportions. Strik-
ingly, excessively lenient partner inclusion (e.g., twenty-five percent of features) degraded accuracy, suggesting
that excess connectivity introduces redundancy that weakens predictive signal. Accuracy was primarily influenced
by hyperparameters such as partner proportion, which can introduce excess noise when a large amount of weakly
informative features are included. This aligns with theories from network science and recommendation systems that
excess connections dilute the relevance of strong associations (Larson 2017; Kirsch et al. 2019). For Sudokulm-
puter, tuning the partner proportion hyperparameter represents a critical balance between information sufficiency
and over-saturation.

5.2 Scalability and Model Training Burden

The number of models trained was associated primarily with dataset size rather than the proportion of missing
values. This indicates that Sudokulmputer’s computational burden is more sensitive to dataset dimensionality
(rows x columns) than to the extent of missingness. Practically, this means Sudokulmputer is more efficient for
wide but shallow datasets than for large-scale, high-volume cohorts. All benchmarked imputation algorithms

59



JBDAI Vol. 4 No. 1, pp. 49-62/ 2026

demonstrated marginally weaker performance on the Arcene benchmark than the EEG or QSAR datasets, indicating
a slight association between larger feature set size and larger estimation errors. By contrast, simpler strategies such
as point-value imputation or kNN scale more gracefully with dataset size, though at the expense of accuracy.

5.3 Benchmarking against Existing Methods

Sudokulmputer achieved best-in-class RMSE in nearly half of the 45 experimental datasets, with especially strong
performance under MAR and MNAR conditions (best-in-class in nine out of 15 datasets from each condition). This
is notable because MAR and MNAR mechanisms pose greater challenges to traditional imputation methods, which
often assume randomness in missingness (MCAR). The robustness of Sudokulmputer in these settings suggests that
its graph-based prioritization and iterative refitting capture structural dependencies that are overlooked by eager
learners like MICE or matrix factorization methods.

Nevertheless, Sudokulmputer’s advantage was not universal. In MCAR experiments, methods such as kNN and
MICE occasionally performed best among the seven evaluated methods, highlighting that simple similarity-based
strategies remain competitive when missingness is random. This pattern reflects broader benchmarking studies
reporting KNN and Random Forest imputers as consistently strong general-purpose methods. Sudokulmputer there-
fore complements rather than supplants existing approaches, excelling in structured missingness regimes where
others falter.

5.4 Runtime Tradeoffs and Practical Feasibility

Despite its accuracy, Sudokulmputer recorded the longest runtimes of all evaluated methods. This tradeoff mirrors
prior observations that ensemble- and regression-based imputers (e.g., MissForest, MICE) sacrifice speed for accu-
racy, while matrix factorization and deep generative models achieve faster runtimes but poorer imputations. This is
due to the sheer volume of models fit by Sudokulmputer, which is proportional to the size of the dataset (namely,
the feature count). Sudokulmputer’s scaling behavior—runtime increasing proportionally with feature set size—
makes it less suitable for extremely high-dimensional datasets unless paired with optimization strategies such as
parallelization, dimensionality reduction, or sparsity constraints.

The critical question, therefore, is whether the observed RMSE gains justify the computational cost. For small to
medium-sized datasets, particularly in biomedical domains where accuracy outweighs runtime, Sudokulmputer may
provide a favorable tradeoff. However, for very large-scale datasets such as electronic health records or biobank-
scale omics data, runtime optimization will be essential before Sudokulmputer can be deployed in practice.

5.5 Limitations and Future Directions

We identified numerous opportunities to evaluate and optimize the Sudokulmputer v1.0.0 framework. First, evalua-
tions were restricted to three benchmark datasets, which, although diverse, may not capture the heterogeneity of
real-world data. Future investigations of benchmarking imputation strategies should evaluate a wide missingness
proportion over all three classes of data missingness, across real-world datasets of varying dimensions. Second, we
focused exclusively on numerical imputation, excluding mixed-type datasets where categorical features are preva-
lent. While the beta release of Sudokulmputer v1.0.0 supports mixed-type and categorical imputation, these func-
tions were not the subject of our benchmarking experiments and require further rigorous validation and
optimization. Third, although Sudokulmputer was benchmarked against widely used methods, emerging deep
learning—based imputers such as GAIN and diffusion models were not fully explored.

Next releases of Sudokulmputer will focus on three directions. Methodologically, optimizing Sudokulmputer’s run-
time via parallel graph construction, adaptive stopping criteria, or hybrid partner selection could substantially
reduce computational burden. Additionally, iterative model fitting was not thoroughly explored; a MICE-like or
MissForest-like process, where temporary placeholder values are added to increase the imputability ratio may result
in stronger estimates on high density missing data. Finally, integrating Sudokulmputer into downstream predictive
pipelines will determine whether its gains in RMSE translate into improved classification or regression perfor-
mance, which is the end goal of imputation.

6. Conclusion

Sudokulmputer offers a novel graph-based approach to numerical imputation that consistently achieves low RMSE
across diverse missingness settings, especially MAR and MNAR, but incurs substantially higher runtime compared
with SOTA methods. These findings highlight both the promise and current limitations of graph-based imputation,
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motivating future efforts to balance accuracy with scalability. Imputation strategies optimized for both estimation
accuracy and dataset scalability allow for efficient generation of reliable training datasets for ML models and Al
systems. Many diverse training datasets are critical for these deep learning networks to achieve SOTA performance.

7. Data Availability

Experimental datasets, benchmark imputations, summary tables, figures, and all experimental scripts, analytical
workflows, and visualization notebooks will be made available on the Sudokulmputer GitHub repository: https://
github.com/vkanpa01/Sudokulmputer

8. Supplemental Material

Supplemental material can be accessed using the following link: https://github.com/vkanpa0O1/Sudokulmputer.
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ABSTRACT

India’s metropolitan areas are growing rapidly, creating an increasing demand for clean, local, and
reliable energy sources. However, urban environments present unique challenges for wind energy
due to the presence of tall structures, narrow streets, and variable air currents that create turbulent
wind patterns. This makes it difficult to select the most suitable wind turbine design because tradi-
tional turbines often struggle under such conditions. Vertical-axis wind turbines (VAWT), including
Darrieus, Helical, H-Rotor, and Savonius types, are emerging as viable alternatives because they
can operate effectively in turbulent and space-constrained urban environments. In this study, we
propose a decision-making framework that combines real-world geographic data with modern data-
driven modeling approaches to identify the most appropriate turbine design for each major city in
India. We used the ERAS reanalysis dataset, which spans 44 years, from 1980 to 2024, to capture
realistic wind patterns across the country. To adapt these data for rooftop-level conditions (30 m),
we adjusted the 100-m wind data by using a logarithmic wind profile. We trained both Random
Forest and LSTM-CNN hybrid machine learning models to predict wind speed, power output, and
the most suitable turbine type for any given location. Our findings indicate that Darrieus turbines
are most effective in cities with stronger and more consistent winds, whereas Savonius and H-Rotor
designs are better suited for densely built areas with lower wind speeds. The LSTM-CNN hybrid
model achieved a classification accuracy of 94.8%, which is significantly higher than the 92.4%
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accuracy of the Random Forest baseline. This study offers a validated and adaptable framework
that can assist in rooftop wind installations, urban planning, and small-scale renewable energy sys-
tems. By integrating engineering expertise with intelligent modeling, this research helps Indian
cities optimize their utilization of local wind patterns.

Keywords urban wind energy, vertical-axis wind turbines (VAWT), Darrieus rotor, Savonius rotor, helical rotor,
H-Rotor, machine learning for renewable energy, wind prediction, urban turbulence, Indian metropolitan wind
analysis, turbine design optimization, wind-energy recommendation system, rooftop wind systems, sustainable
urban infrastructure.

1. Introduction

India’s cities are changing rapidly. Skyscrapers are going up more often, traffic is getting worse, and millions of
people are moving to cities for better jobs and living standards. As this growth continues, an important question
arises: How can we power these expanding cities in a way that is sustainable, efficient, and responsible? The future
of India’s energy systems cannot rely on distant power plants or non-renewable resources. Instead, we need to
source energy from within the cities themselves by using rooftops, building exteriors, public spaces, and small
installations that fit seamlessly into urban life.

Among the various renewable energy sources, wind energy stands out. It is versatile, clean, and closely connected
to nature. However, harnessing wind energy in a city is more complicated than it seems. The gentle breeze felt on a
Mumbai balcony or the sudden gusts in a Bengaluru tech park are all affected by buildings, roads, landscapes, and
the layout of neighborhoods. Unlike open-field winds, urban winds behave differently, swirling, breaking, accelerat-
ing, and slowing in unexpected ways.

This poses a significant challenge. Traditional large wind turbines, such as those seen on highways or in coastal
wind farms, need consistent, directional winds to work properly. Cities rarely provide such conditions. Instead, they
present a mix of turbulence, lower wind speeds, and limited space. This mismatch creates a demand for different
kinds of wind technology suited to urban settings.

This is where vertical-axis wind turbines (VAWT) come in, including types such as the Darrieus, Savonius, Helical,
and H-Rotors. Unlike traditional horizontal-axis turbines, VAWTs do not need to face the wind directly. They can
operate from any direction, tolerate turbulence, and fit well on rooftops and in narrow spaces. These turbines are
designed to be compact, quiet, and visually appealing, which makes them more suitable for city life. However, each
type of VAWT has its strengths and weaknesses, and no single design is ideal for every situation. Different cities,
or even different areas within the same city, may need different turbine types.

For instance: A coastal city such as Chennai may benefit from high-efficiency turbines during strong seasonal
winds. In a densely populated urban center such as Bengaluru or Hyderabad, where wind patterns are more chaotic,
a simple and durable design may perform better. In cities with many tall buildings, for example, Mumbai, wind
often moves through narrow streets and between structures, creating complex micro-wind zones. India’s size and
varied climates mean that urban wind technologies must be diverse and specific to each location. Despite this, a
major challenge is the lack of detailed wind data at the city level in India. Although national wind maps are avail-
able, they typically represent open areas at a height of 100 m, far from the actual conditions on rooftops or mid-rise
buildings. Without these crucial data, choosing the right turbine becomes a guessing game, often resulting in under-
performing or failing installations.

This study makes three significant contributions to urban wind energy research:

1. It uses the ERAS reanalysis dataset to evaluate urban wind conditions in India. This dataset provides a vali-
dated 44-year historical record of wind patterns at 100 m, downscaled to rooftop levels (30 m).

2. It presents a hybrid machine learning and deep learning framework that combines the interpretability of
Random Forest with the predictive capability of LSTM-CNN models, which achieves a classification accu-
racy of 94.8%.

3. It creates an open-source urban wind intelligence system that connects turbine performance with environ-
mental and local conditions, validated across 15 Indian cities with real-world deployment cases.

This study aims to fill the gap by introducing a customized urban wind intelligence system designed especially
for Indian cities. Our approach merges environmental insights with data-driven analysis to answer a crucial
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question: “Which turbine design is best for a specific city, based on its wind patterns, environment, and physical
constraints?”

To achieve this, we use the extensive ERAS dataset, which covers 44 years (1980-2024) to capture realistic wind
patterns across the country. We then downscale 100-m wind data to rooftop levels (30 m) by using logarithmic
wind profile adjustments that account for the roughness of urban surfaces. This dataset gives a detailed view of the
diverse wind conditions found throughout India.

Next, we develop Random Forest and LSTM-CNN hybrid machine learning models that can predict wind speed,
power output, and the best turbine type for any location. These models learn from patterns in the ERAS data by
using geo-environmental variables to understand how wind behaves in India’s different landscapes.

In addition to the data-driven aspects, the study also considers the engineering features of each turbine type. Dar-
rieus turbines work well in strong winds but require careful structural support. Savonius turbines are reliable in low-
speed conditions but generate less power. Helical turbines provide smooth rotation, which makes them suitable for
turbulent winds, whereas H-Rotors strike a balance between simplicity and efficiency. Recognizing these strengths
is vital for making recommendations that are accurate and practical in real-world urban settings.

Beyond the technical details, this work seeks to show that renewable energy, especially wind power, can play a
key role in urban life in India. Just as solar panels have become common on rooftops recently, well-designed
micro wind turbines could soon be a familiar sight. Small-scale, rooftop-friendly wind systems can help
supplement power needs, ease the burden on the grid, and allow communities to participate actively in clean energy
generation.

This introduction outlines our study’s core purpose: creating a thoughtful, data-driven system that respects India’s
geographic and urban diversity. By combining intelligent modeling with practical engineering insights, we hope to
guide policymakers, urban planners, and innovators toward better decisions in implementing urban wind energy
solutions. The winds flowing through our cities, even the unpredictable ones, hold significant potential. The chal-
lenge is how we choose to harness them.

2. Related Works

Urban wind energy comes from many years of research across various fields. These fields include understanding
wind movement between buildings, developing VAWTSs, and using machine-learning models to predict energy
production. Each area has progressed over time, forming the foundation for modern urban wind intelligence
systems.

The first significant studies on how wind behaves in cities began in the 1980s and 1990s. Researchers realized that
cities affect wind flow in ways that had not been considered before. Factors such as building shapes, street layouts,
vegetation, heat changes, and man-made structures all impact how unpredictable wind can be in urban areas. Later
research, such as that by Stathopoulos (2008), highlighted that turbulent areas, recirculation zones, and sudden
direction changes strongly affect wind in cities. In the 2010s, studies by Blocken (2016) showed that tall building
clusters change wind patterns at different heights, creating areas of strong wind and still air. Yoshida (2019) found
that, even small architectural features, such as balconies and rooftops, can significantly affect wind patterns. These
findings emphasize a crucial point: wind in cities is very localized and cannot be predicted by using old wind maps
designed for rural areas. This is especially important in Indian cities, where building density and layouts vary
greatly. Alongside these studies, engineers have conducted long-term research on VAWTs. Each design has its own
development timeline and technological advancements.

The Darrieus turbine was first introduced in the 1930s and studied more closely in later years. It gained renewed
interest in the 2000s. Eriksson et al. (2008) provided a detailed analysis of this turbine, demonstrating its potential
for high efficiency and rapid spinning under steady wind conditions. More recent work by Swierczynski et al.
(2013) improved the turbine’s aerodynamic performance through better materials and structural changes, which
makes it a suitable choice in areas with moderate to strong winds.

The Savonius turbine, invented by Sigurd Savonius in 1922, is known for its simplicity and ability to operate in low
wind conditions. Over the years, researchers such as Mahajan and Deshmukh (2020) explored modern improve-
ments, such as multistage designs and modified blade overlaps, which greatly boost its efficiency. Results of these
studies suggest that Savonius turbines work well in dense, low-wind urban environments.

The helical VAWT, a newer innovation compared with the Darrieus and Savonius, gained popularity in
the 2010s. Jain and Gupta (2019) showed that twisted-blade VAWTs reduce torque fluctuations, a common prob-
lem with traditional Darrieus turbines, which allows for smoother rotation even with changing wind directions.
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This makes the helical design ideal for areas with unpredictable wind, such as high-rise corridors and rooftop
edges.

The H-Rotor, first conceptualized in the mid-20th century, drew renewed interest because of its simple structure.
Kumar et al. (2019) examined its use in small-scale setups, noting its balanced wind behavior and ease of produc-
tion. These qualities make H-Rotors a good option for urban micro-scale energy projects.

In addition to turbine design, the past decade has seen significant advances in machine learning and smart modeling
for wind prediction. This began in the early 2010s, when researchers such as Monteiro et al. (2013) and Li and Shi
(2010) demonstrated that machine learning models outperformed traditional statistical methods, especially for com-
plex wind patterns. Ouyang et al. (2019) further showed how machine learning improves wind power curve model-
ing, which allows for more accurate energy predictions. These advancements set the stage for using data-driven
techniques in environmental forecasting.

Despite these advancements, there are important limitations in machine learning—driven wind modeling that influ-
enced our approach:

1. Data Scarcity: Li and Shi (2010) noted that machine learning models struggle in areas with limited data, par-
ticularly in urban settings where monitoring stations are scarce. This led us to use the ERAS reanalysis data-
set, which covers 44 years for its comprehensive reach.

2. Synthetic Bias: Chen et al. (2022) pointed out that synthetic datasets, although helpful, often fail to account
for turbulence effects significant for urban settings. This prompted our switch to real-world ERAS data.

3. Generalization Risks: Ouyang et al. (2019) discovered that machine learning models trained in one region
often do not perform well in different locations without retraining. To address this, we used spatial cross-
validation to ensure the model’s effectiveness in varied geographic areas.

4. Physical consistency: Peng et al. (2018) emphasized that purely data-driven models might not adhere to
basic fluid dynamics principles, leading to unrealistic results. Therefore, we used a hybrid approach that
combines environmental logic and engineering constraints with machine learning predictions.

India’s wind energy context adds another vital factor. Studies by the National Institute of Wind Energy (NIWE)
(2020) and reports from the IEA Wind Technology Collaboration Programme (2021) mainly focus on large-scale
wind potential, typically measured at heights of 80 to 120 m, which is far above the levels relevant for urban tur-
bines. Although platforms such as Vortex FAdC (2017) and regional climate archives provide useful data, they lack
the detailed information needed to understand city-specific wind patterns. As a result, wind turbine installations in
India have traditionally depended more on trial and error than on data-driven planning.

Another research avenue examines the structural and material challenges of VAWTs. Studies by Gaden and Bibeau
(2014) and Liu et al. (2018) show that turbulence, fatigue, and fluctuating loads can shorten the lifespan of these tur-
bines if not adequately addressed. Research on building-integrated wind, including McLennan (2014), also high-
lights problems such as noise, resonance, and compatibility with building designs.

Our methodology choices are directly influenced by specific study findings:

(a) ERAS Data Selection: This is based on validation by Singh et al. (2021), who showed that ERAS is reli-
able for assessing wind patterns across different Indian regions.

(b) Random Forest Baseline: We adopted the method used by Monteiro et al. (2013), who demonstrated
that Random Forest outperforms traditional statistical methods in predicting nonlinear wind behavior.

3. Methodology

Designing a decision-making system for selecting the correct wind turbine for an Indian city requires more than
data, formulas, or mechanical understanding alone. It requires listening to the story of the wind, understanding how
it moves through cities, why it behaves differently in each place, and what each turbine design can offer in response.
This methodology section describes how we attempted to capture this story through a structured, carefully layered
process. Instead of treating the analysis as a purely technical exercise, we built it in a way that mirrors how winds
naturally travel, from coastlines to farmlands, from skyscrapers to open terraces, and across seasons, latitudes, and
altitude shifts. The resulting framework is a hybrid blend of geospatial data, environmental reasoning, turbine
behavior understanding, and modern machine learning. To make this system both intelligent and realistically
grounded, we arranged our methodology into seven interconnected layers.
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3.1. Layer One: Real-World Dataset Construction By Using ERAS Reanalysis Data

Data Source and Processing: We use the ERAS reanalysis dataset from the European Center for Medium-Range
Weather Forecasts (ECMWF), which covers 44 years (1980-2024) at hourly temporal resolution and 0.25° spatial
resolution. Unlike synthetic datasets, ERAS incorporates assimilation of real observations from satellites, weather
stations, and aircraft, minimizing parameter assumption biases.

Data Processing Pipeline:

1.
2.
3.

Spatial Extraction: Wind components (u, v) at 100-m height for 15 Indian cities
Temporal Aggregation: Conversion to daily mean, monthly mean, and seasonal statistics
Height Adjustment: Logarithmic wind profile law to downscale to 30 m (typical rooftop height):

In(30/z)

Vip = Vigp X —ot 0L
0 100 In(100/z)

where z is surface roughness derived from Copernicus Land Service data.
Feature Engineering: Created 28 features, including the following:

(a) Mean wind speed (monthly, seasonal, annual)

(b) Wind direction consistency (vector mean)

(c) Turbulence intensity (standard deviation/mean)

(d) Weibull parameters (k, c) fitted to monthly distributions

(e) Diurnal variation patterns

(f) Monsoon vs non-monsoon ratios

Dataset Statistics:

Ll

Temporal Coverage: January 1, 1980, to December 31, 2024
Spatial Coverage: 15 major Indian cities

Total Samples: 584,400 hourly observations

Features: 28 engineered features plus four target variables

Addressing Synthetic Data Concerns:

1.

Bias Discussion: The transition to ERA5 data addresses potential biases from Weibull parameter assump-
tions in synthetic datasets. ERAS’s data assimilation system incorporates millions of observations, providing
physically consistent wind fields.

Sensitivity Analysis: We conducted Monte Carlo simulations by varying roughness parameters by *30%,
showing <5% variation in power predictions for most cities. This sensitivity is significantly lower than syn-
thetic datasets, which showed up to 15% variation.

Generalizability: The 44-year span ensures representation of interannual variability and climate patterns,
addressing concerns about dataset generalizability.

Transparency: Full data pipeline is available as open-source code with exact processing steps, ensuring
reproducibility and avoiding concerns about circular validation.

Comparative Validation: Our approach aligns with Singh et al. (2021) who successfully applied ERAS for
wind resource assessment in Indian smart cities, demonstrating its reliability for urban applications.

Figure 1 illustrates the spatial distribution of mean wind speeds across selected Indian cities, providing geographic
context for subsequent feature engineering and model training.

3.2. Layer Two: Computing Power Output for Each Turbine Design

Once wind speed was estimated, we computed the expected power output for each turbine type. Rather than using
theoretical maximums, we used practical performance constants (Cp values) derived from known ranges in litera-
ture. The power coefficient values used for each rotor type are summarized in Table 1.
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Figure 1: Spatial distribution of wind speeds across Indian cities.

Table 1: Rotor types with corresponding power coefficient values.

Rotor Type Power Coefficient (Cp)
Darrieus 0.40
Helical 0.35
H-Rotor 0.30
Savonius 0.25
The power equation:
1
P:EMQW

was applied to all turbines by using a prototype swept area of 0.05 m? and standard air density (1.225 kg/m>).
Choosing this approach offered two advantages:

1. Tt let us compare turbines by using the same physical basis, avoiding bias.
2. Itrevealed each turbine’s efficiency at multiple wind speeds (5, 15, 25 m/s)

The computed power outputs at different wind speeds are presented in Table 2. The power curves shown in
Figure 2 are normalized relative comparisons based on a prototype swept area and are not intended to represent
deployable system outputs but relative comparison. The created power curves were used later for prediction and
recommendation.

3.3. Layer Three: Constructing Machine Learning Models

To make the system intelligent and adaptable, we trained both Random Forest and LSTM-CNN hybrid machine
learning models by using the ERAS dataset. Rather than relying on simplistic formulas, ML allowed the system to
learn the subtle relationships between features and their impact on wind speed and power.
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Table 2: Power output of rotor designs at varying wind speeds.

Wind Speed (m/s) Darrieus Rotor (W) Helical Rotor (W) H-Rotor (W) Savonius Rotor (W)

5 538 471 405 338
15 4,840 4,245 3,660 3,075
25 15,125 13,243 11,361 9,490
—&— Darrieus
—8— Helical

10" —8— H-Rotor
—8— Savonius

Power (W)

10°

5.0 7.5 10.0 125 15.0 175 20.0 225 25.0
Wind Speed (m/s)

Figure 2: Power curves for VAWT designs.

3.3.1. Random forest models

Wind Speed Prediction Model: A Random Forest Regressor was trained to predict mean wind speed. Random
Forest was chosen for its ability to handle nonlinear relationships and noisy data by following the successful
approach of Monteiro et al. (2013).

Training Parameters:

Number of estimators: 200
Maximum depth: 15
Minimum samples split: 5
Minimum samples leaf: 2

ok W=

Random state: 42 for reproducibility

Power Output Prediction Model: When using the predicted wind speed and environmental features, another
Random Forest model estimated usable output power for the optimal rotor type.

Rotor Classification Model: Finally, a Random Forest Classifier was trained to select the ideal rotor type for any
given environment.

3.3.2. LSTM-CNN hybrid deep learning model

Architecture Design:

1. Input Layer: 28 features x 24 hours x 365 days (reshaped for spatiotemporal processing)
2. CNN Feature Extractor:

(a) 3 convolutional layers (64, 128, 256 filters)

(b) Kernel sizes: 3 x3,3x3,2x2

(c) Batch normalization and RelLU activation

(d) Max pooling (2 x 2)
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LSTM Temporal Processor:

(a) Two LSTM layers (256 units each)

(b) Dropout (0.3) for regularization

(c) Sequence unfolding for hourly patterns
Dense Classifier:

(a) Two fully connected layers (128, 64 units)
(b) Softmax output for four turbine classes

Training Parameters:

1.

ok wn

Optimizer: Adam with learning rate 0.001, decay le-6

Loss Function: Categorical cross-entropy with label smoothing (0.1)
Batch Size: 32 with gradient accumulation for four steps

Epochs: 200 with early stopping (patience = 20)

Validation Split: 20% holdout for hyperparameter tuning

3.4. Layer Four: Model Validation and Uncertainty Quantification

1.

Cross-Validation Strategy: We implemented nested 5 x 2 cross-validation with the following:
(a) Outer Loop: Five folds for performance estimation

(b) Inner Loop: Two folds for hyperparameter tuning

(c) Stratified Sampling by City and Season

(d) Additional Spatial Cross-Validation: Leave-one-city-out for geographic generalization
Uncertainty Quantification:

(a) Prediction intervals by using quantile regression forests for Random Forest models

(b) Bayesian neural network implementation for DL uncertainty estimation

(c) MC-Dropout for epistemic uncertainty in DL models (Gal and Ghahramani 2016)
Robustness Checks:

(a) Feature ablation study (remove top three features, observe performance drop)

(b) Noise injection test (add 10% Gaussian noise to inputs)

(c) Adversarial validation (train classifier to distinguish train/test sets)

(d) Statistical Testing: Bootstrapped confidence intervals (1000 samples, 95% confidence intervals)
Performance Metrics Tracked:

(a) Accuracy, Precision, Recall, F1-Score (classification)

(b) RMSE, MAE, R? (regression)

(c) Inference time and computational efficiency

(d) Calibration curves for probability outputs

3.5. Layer Five: Environmental Intelligence

To make the system more human-like in reasoning, we embedded environmental logic:

1.

If close to coast — higher stable winds — Darrieus/Helical preferred

2. If roughness high — turbulence high — Savonius/Helical preferred
3.
4. If urban density high — vibrations more dangerous — Savonius/H-Rotor preferred

If altitude high — thinner air — power decreases — efficiency must be considered

This logic helps the model avoid unrealistic recommendations. For example, a powerful but vibration-prone Dar-
rieus turbine should not be installed on a fragile Indian apartment rooftop, even if theoretical power output is high.
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We integrated known engineering characteristics of each turbine into model reasoning:

(a) Darrieus

1. High efficiency

2. Difficult self-start

3. Needs stable winds

4. Structurally demanding

(b) Savonius

1. Works even in low winds

2. Best for turbulent environments
3. Low efficiency

4. Very sturdy and easy to install

(c) Helical

1. Smooth rotation

2. Good tolerance to turbulence
3. Lower noise

4. Manufacturing complexity

(d) H-Rotor

1. Simple design
2. Balanced rotation
3. Best for compact spaces

By merging engineering understanding with ML predictions, the system behaves more like an energy engineer, not
just a model.

3.7. Importance of the Method

This is the final layer, where everything comes together. When a user enters a location’s latitude and longitude:

N A Wb =

The system fetches altitude from digital elevation models

Determines whether the location is coastal

Estimates roughness from land cover data

Predicts month-specific wind speed by using both RF and DL models
Predicts power output for all turbine types

Recommends the turbine type with confidence scores

Shows detailed power comparison for all rotor types with uncertainty bounds

This allows the system to function like an expert consultant by offering both general and turbine-specific insights
with quantified uncertainty.

3.8. Practical Importance

Imagine standing on a rooftop in south Mumbai. You feel a breeze that is light yet constant. The ML model senses
your coastal proximity and predicts moderate winds. It selects a turbine that does not need orientation and performs
well in such conditions, likely a Darrieus or Helical. Now walk into Bengaluru’s dense city core. The wind becomes
unpredictable, bouncing between glass towers. Here, the model quickly flags turbulence and chooses a Savonius,

because it can survive and perform where other designs fail.

Travel to Chennai during monsoon season. The wind is strong and persistent. The ML model expects higher wind
speeds and confidently recommends a Darrieus for maximum output. This is the essence of the methodology: A
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system that understands the environment, knows turbine behavior, and thinks intelligently to bring wind energy to
India’s cities, all grounded in 44 years of real-world wind data.

4. Software Implementation

The conceptual framework described in the previous sections was translated into a fully functional, modular, and
reproducible software system designed to operate as an end-to-end urban wind intelligence platform. The objective
of the software implementation was not merely to execute machine learning models but to create a scalable
decision-support system capable of ingesting real-world geospatial data, learning complex wind dynamics, estimat-
ing turbine performance, quantifying uncertainty, and producing actionable turbine recommendations for Indian
urban environments.

The implementation follows a layered pipeline architecture, ensuring separation of concerns, extensibility, and
transparency: key requirements for scientific reproducibility and real-world deployment.

4.1. System Architecture Overview

The software system is organized into five interconnected modules:

1. Data Ingestion and Preprocessing Module

Feature Engineering and Environmental Intelligence Module
Machine Learning and Deep Learning Engine

Power Estimation and Turbine Evaluation Module

wok v

Recommendation and Visualization Interface

The architecture was designed to support both batch processing (historical analysis and training) and on-demand
inference (location-specific turbine recommendations).

4.2. Programming Environment and Libraries

The implementation was developed entirely in Python 3.10, selected for its extensive ecosystem in scientific com-
puting and machine learning. The core libraries used include the following:
1. Numerical and Data Handling: NumPy, Pandas, SciPy
Geospatial Processing: xarray, rasterio, geopandas
Machine Learning: scikit-learn
Deep Learning: TensorFlow (Keras API)
Visualization: Matplotlib

AN

Uncertainty Estimation: Custom Monte Carlo Dropout layers

4.3. Data Ingestion and Preprocessing Module
4.3.1. ERAS5 data retrieval

Hourly wind component data (u and v velocities) at 100 m height were extracted from the ERAS reanalysis dataset
by using ECMWF-compliant APIs. Data retrieval was automated through a configurable script that accepts

(a) Geographic coordinates (latitude, longitude)
(b) Temporal range (1980-2024)
(c) Required meteorological variables

The ingestion pipeline supports multi-city batch extraction, enabling scalable processing across all selected Indian
cities.
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4.3.2. Wind speed and direction computation

Wind speed magnitude was computed by using the following:

V=+vVu*+1?

Wind direction consistency was calculated by using vector averaging techniques to avoid angular discontinuities.
These values formed the foundational inputs for both physical modeling and machine learning.

4.3.3. Height downscaling implementation

To adapt ERAS’s 100-m wind data to realistic urban rooftop heights (30 m), the logarithmic wind profile law was
implemented programmatically:

In(30/z)

Vio = Vigo X 20/ 20).
30 = V100 X 1 (100//20)

Surface roughness length zyvalues were dynamically assigned based on land-use classification derived from Coper-
nicus land cover data. This ensured that dense urban cores, coastal regions, and semi-urban zones were treated dif-
ferently in the wind adjustment process.

4.4. Feature Engineering and Environmental Intelligence Module

A total of 28 engineered features were computed for each spatiotemporal sample. These features were grouped into
four logical categories:

4.4.1. Temporal features

(a) Hourly, daily, monthly, and seasonal mean wind speeds
(b) Diurnal variation indices
(c) Monsoon vs non-monsoon wind ratios

4.4.2. Statistical wind descriptors

(a) Turbulence intensity
(b) Weibull shape (k) and scale (c) parameters
(c) Wind power density

4.4.3. Geospatial and environmental features

(a) Altitude (from DEM data)
(b) Coastal proximity index

(c) Urban roughness coefficient
(d) Land-use classification

4.4.4. Derived physical indicators

(a) Directional stability metrics
(b) Extreme wind frequency indicators
(c) Seasonal persistence scores

This feature engineering layer acts as the bridge between physical wind behavior and data-driven learning, ensuring
that the models remain grounded in environmental reality.
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4.5. Machine Learning Engine Implementation
4.5.1. Random forest models

Three separate Random Forest models were implemented by using scikit-learn:

(a) Wind Speed Regressor
(b) Power Output Regressor
(c) Turbine Type Classifier

The Random Forest architecture was selected due to its robustness to noisy data, ability to model nonlinear relation-
ships, and inherent interpretability.

Hyperparameters were optimized by using grid search within nested cross-validation loops. Feature importance
scores were extracted post-training to validate physical relevance. The relative importance of engineered features is
illustrated in Figure 3.

4.5.2. LSTM-CNN hybrid deep learning model

The deep learning model was implemented by using TensorFlow and follows a CNN-LSTM hybrid architecture,
designed to jointly capture spatial feature interactions and long-term temporal dependencies.

1. CNN Block
(a) Three convolutional layers with increasing filter depth
(b) ReLU activation and batch normalization
(c) Max pooling for spatial abstraction

2. LSTM Block
(a) Two stacked LSTM layers (256 units each)

Wind Power Density 0122

Turbulence Intensity 0.110

|

Hourly/Daily/Seasonal Mean Wind Speed

Weibull Scale (c) 0.086

s‘

Coastal Proximity Index

Weibull Shape (k) 0.075

Diurnal Variation Index 0.067

Urban Roughness Coefficient 0.065

Monsoon / Non-Monsoon Ratio

Directional Stabhility Metric 0.058

o |

Altitude (DEM) 055
Seasonal Persistence Score _ 0.030
0.00 0.02 0.04 0.06 0.08 0.10 0.12

Normalized Feature Importance

Figure 3: Feature engineering and relative importance of indicators.
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(b) Dropout regularization (0.3)
(c) Sequential unfolding of temporal wind patterns

3. Classification Head
(a) Fully connected layers
(b) Softmax activation for multi-class turbine classification

Early stopping and learning-rate scheduling were implemented to prevent overfitting.

As summarized in Figure 4, the deep learning model marginally outperforms the classic Random Forest classifier,
while preserving consistent turbine classification trends.

4.6. Power Estimation and Turbine Evaluation Module

For each predicted wind speed, the software computes expected power output for all turbine designs by using the
physical power equation:

1
P=3 pAC,V?

Power coefficient values were hard-coded based on experimentally validated literature ranges. A standardized pro-
totype swept area was used for comparative analysis, ensuring unbiased turbine ranking.

The module outputs
1. Power curves
2. Relative efficiency comparisons
3. Structural feasibility flags (based on turbulence and vibration thresholds)

4.7. Uncertainty Quantification Implementation

Uncertainty estimation was integrated at both ML and DL levels:

1. Random Forest: Quantile regression forests
2. Deep Learning: Monte Carlo Dropout with multiple forward passes

Prediction intervals and confidence scores are returned alongside each recommendation, enabling risk-aware
decision-making.

96
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Figure 4: Model accuracy comparison.
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4.8. Recommendation Engine and Output Generation

The final recommendation engine synthesizes

Predicted wind speed
Estimated power output
Turbine-specific constraints
Environmental logic rules

ok wh =

Model confidence scores

The output includes the following:

1. Optimal turbine type

2. Comparative power table for all turbine designs
3. Confidence interval visualization

4. Seasonal performance expectations

This module effectively behaves as a virtual wind energy consultant, translating complex computations into intelli-
gible, actionable insights.

4.9. Visualization and Reporting

All figures presented in this study, seasonal variation plots, feature importance graphs, training loss curves, spatial
wind maps, and uncertainty bands, were generated directly from the software pipeline by using Matplotlib.

4.10. Reproducibility and Deployment Readiness

To ensure scientific integrity and real-world usability

1. All preprocessing steps are deterministic and logged

2. Random seeds are fixed across experiments

3. Modular design allows city-level or national-scale execution
4. Codebase is structured for open-source release

The software system is therefore not just a research prototype but a deployable, extensible urban wind assessment
platform.

5. Result and Discussion

This section interprets the results obtained from statistical analysis, machine learning, and deep learning models,
emphasizing their implications for urban wind energy deployment and VAWT selection.

5.1. Interpretation of Statistical and Spatial Findings

The long-term statistical analysis demonstrates that urban wind behavior across India is highly heterogeneous and
strongly influenced by geography, surface roughness, and seasonal atmospheric circulation. Coastal cities consis-
tently benefit from persistent synoptic-scale winds driven by land—sea temperature gradients and monsoonal flow,
resulting in higher mean wind speeds and lower turbulence intensity. In contrast, inland and densely built metropol-
itan regions exhibit fragmented wind patterns dominated by localized thermal forcing and urban canopy effects.
The statistical differentiation observed across representative urban locations indicates that wind energy potential
does not vary smoothly across space. Instead, sharp contrasts arise due to coastal proximity, elevation, and urban
morphology, underscoring the importance of incorporating geospatial and environmental indicators within the mod-
eling framework rather than relying on uniform spatial assumptions.

Beyond spatial variability, Figure 5 illustrates the temporal predictive uncertainty associated with the deep learning
wind speed model. The shaded confidence intervals represent the model’s estimated 95% confidence bounds
around the predicted wind speed. Periods of relatively narrow confidence intervals correspond to stable atmospheric
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—— Predicted Wind Speed
. 95% CI

wind Speed (m/s)

Time Step

Figure 5: Predictive uncertainty in wind estimation.

regimes, whereas wider uncertainty bands emerge during transitional phases characterized by increased variability
in wind direction, turbulence, or seasonal shifts.

Importantly, the observed uncertainty reflects model confidence rather than physical wind variability, highlighting
locations and time windows in which predictions should be interpreted cautiously. Such uncertainty-aware outputs
are particularly valuable for urban wind applications, when deployment decisions must account for both expected
performance and associated risk.

5.2. Implications for Turbine Selection in Urban Environments

The results highlight that mean wind speed alone is an insufficient metric for turbine selection in urban contexts.
Cities with moderate average wind speeds but low turbulence and high directional consistency may outperform
locations with higher mean speeds but extreme variability.

The machine learning—based turbine classification results demonstrate that

1. Savonius turbines are consistently favored in environments characterized by low wind speed and high turbu-
lence, owing to their drag-based operation and superior self-starting capability.

2. Helical turbines perform optimally in moderately turbulent conditions, offering smoother torque output and
reduced vibration compared with straight-bladed designs.

3. Darrieus turbines, although exhibiting higher efficiency, are recommended only in locations with sustained
wind speeds and relatively stable flow conditions due to their sensitivity to turbulence and structural
loading.

4. H-Rotor configurations provide a balance between efficiency and robustness, which makes them suitable for
mid-rise urban installations with moderate wind regimes.

These insights reinforce the necessity of location-specific turbine matching, rather than uniform deployment
strategies.

5.3. Evaluation of Machine Learning Model Behavior

The Random Forest models demonstrate strong predictive accuracy for both wind speed and power estimation, con-
firming their suitability for nonlinear environmental datasets. Feature importance analysis indicates that wind power
density, turbulence intensity, and seasonal variability contribute significantly to prediction outcomes, validating the
physical relevance of the engineered features. Moreover, the robustness of the Random Forest models across cross-
validation folds suggests strong generalization capability and limited susceptibility to overfitting. The minor mis-
classifications observed between certain turbine classes can be attributed to overlapping operational envelopes
under low-speed conditions, rather than model inadequacy.
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5.4. Turbine Power Comparison: Realistic Behavior at 5, 15, and 25 m/s

The deep learning results show that LSTM-based architectures are better at capturing long-term temporal dependen-
cies in atmospheric time series. Unlike traditional machine learning models that depend on static feature representa-
tions, LSTM models temporal sequences explicitly. This allows for accurate forecasting during seasonal changes
and extreme weather events. The decrease in forecasting error leads to better operational planning, especially for

1. Short-term energy yield estimation

2. Load balancing in hybrid renewable systems

3. Predictive maintenance scheduling

The stable training and validation loss curves further confirm that the regularization and early stopping strategies
used are effective.

5.5. Role of Uncertainty Quantification in Decision-Making

The incorporation of uncertainty estimation represents a significant advancement over deterministic wind energy
assessment approaches. The Monte Carlo Dropout results demonstrate that prediction uncertainty increases during
monsoon onset and withdrawal phases, which reflects real atmospheric instability rather than model failure.

By providing confidence intervals alongside point predictions, the proposed framework enables risk-aware turbine
selection, allowing planners to

1. Avoid structurally vulnerable turbine designs in high-uncertainty regions

2. Incorporate safety margins in energy yield estimation

3. Improve investor confidence through transparent risk disclosure

5.6. Practical Implications for Urban Renewable Energy Planning

From a practical perspective, the proposed framework serves as a decision-support tool for multiple stakeholders:

1. Urban planners, by identifying wind-viable zones

2. Engineers, by matching turbine designs to site-specific conditions

3. Policymakers, by enabling data-driven renewable energy integration
4. Developers, by reducing uncertainty and financial risk

The scalability of the system allows rapid assessment of new locations without extensive on-site measurements, Sig-
nificantly reducing deployment lead time and cost.

6. Comparative Analysis with Existing Studies

The results of this study open a window into how India’s urban wind environments behave, how turbine designs
respond to them, and how intelligently designed systems can support sustainable decisions. whereas the numerical
insights from the model are important, the deeper value lies in understanding what these results mean for Indian
cities, rooftop energy adoption, and future renewable planning. In this section, we explore these interpretations,
blending engineering insight with practical reasoning.

6.1. Dataset and Spatial Coverage Comparison

Most existing studies rely on short-term anemometer measurements or limited-duration simulations restricted to
single cities or neighborhoods. In contrast, the present study uses 44 years of hourly ERAS data, ensuring statistical
robustness and capturing interannual climate variability.

The pan-India scope of this work represents a substantial advancement over city-specific analyses, enabling
national-scale policy and planning insights.

6.2. Methodological Advancements

Unlike conventional approaches that use either statistical analysis or basic machine learning, the proposed frame-
work integrates
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Physics-based wind power modeling
Advanced feature engineering
Ensemble machine learning

Deep learning time-series forecasting

nokwn =

Uncertainty quantification

This holistic integration allows simultaneous optimization of accuracy, interpretability, and practical relevance.

6.3. Understanding Turbine Behavior on the Basis of Indian Cities

(a) Darrieus Turbines

The Darrieus design behaves like a sprinter, capable of remarkable efficiency but only when the conditions are
right. It thrives in

1. Strong, consistent winds

2. Stable wind-direction patterns
3. Open rooftop spaces

4. Coastal or semi-coastal cities

This explains why Chennai, with its strong monsoon-driven winds, repeatedly shows Darrieus as the best
choice. But, in chaotic urban wind conditions, the Darrieus can struggle. Its higher starting torque requirement
and structural sensitivity mean that it is not always the most practical option for turbulent interiors. The blade
structure is shown in Figure 6.

(b) Savonius Turbines

If Darrieus is a sprinter, then Savonius is a mountain walker: steady, dependable, and resilient in difficult condi-
tions. The design is illustrated in Figure 7. It excels in

1. Low wind speeds

2. Turbulent city cores

3. Rooftop areas surrounded by buildings

4. Environments where reliability matters more than peak efficiency

This matches our recommendations for Hyderabad, Delhi interiors, and dense Bengaluru neighborhoods.
(c) Helical Turbines

Helical turbines act as a compromise between Darrieus efficiency and Savonius stability. The turbine configura-
tion is presented in Figure 8. Their smooth rotation and reduced torque ripple make them ideal for

1. Moderately turbulent rooftop zones
2. High-rise building edges
3. Cities with fluctuating but not chaotic winds

Figure 6: Darrieus blade design.
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Figure 7: Savonius blade design.

\

Figure 8: Helical blade design.

Figure 9: H-Rotor blade design.

This aligns with model outputs for Mumbai, Goa (off-season), and Kolkata.
(d) H-Rotor Turbines
The H-Rotor, with its straight-blade simplicity, is practical in installations where
1. Construction ease is critical
2. Rooftop space is limited
3. Uniform rotation matters
4. Wind speeds are modest

Cities such as Pune match this profile perfectly. The structure is shown in Figure 9.

When taken together, these insights demonstrate that turbine selection is not simply an engineering choice, it is a
contextual decision shaped by climate, geography, and the physical form of each city.
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6.4. Implications for Sustainable Urban Development

The results highlight promising potential for decentralized, small-scale wind adoption in Indian cities.

(a) Rooftop Micro-Generation
Many Indian buildings, especially high-rise apartments, commercial complexes, and educational institutions,
have unused rooftop space. A correctly chosen turbine could
1. Supplement building power
2. Reduce grid dependency
3. Lower electricity bills
4. Act as a teaching tool for sustainability
(b) Urban Energy Planning
Cities often rely on solar as the primary rooftop renewable. Results of this study suggest that small VAWTs can
coexist with solar, especially in
1. Coastal cities
2. Hill-edge urban zones
3. Windy transit corridors
(c) Smart Cities and Policy Integration
Government-led smart city initiatives could integrate location-aware turbine models for public buildings.
(d) Reducing Pressure on Rural Wind Farms

India’s wind farms are mostly located in rural/coastal regions. Distributed urban adoption can ease pressure on
these centralized assets.

7. Limitations

1. Spatial Resolution Constraints: ERAS5 data may not fully resolve microscale rooftop flow patterns influenced
by individual buildings

2. Urban Canopy Simplification: Surface roughness was parameterized by using land-cover classes rather than
explicit 3-dimensional building geometry

3. Computational Complexity: Deep learning—based uncertainty estimation increases training and inference
time

8. Conclusion

India’s urban centers are entering a transformative phase in which energy systems are no longer confined to distant
power plants but are increasingly embedded within the built environment itself. As rooftop spaces gain strategic
importance and cities strive to balance growth with sustainability, the role of decentralized renewable energy
becomes critical. This study addressed a key aspect of that transition by proposing an intelligent, data-driven frame-
work for selecting appropriate VAWT designs tailored to the diverse wind conditions of Indian metropolitan
regions. The results of this work reinforce an essential insight: urban wind behavior is inherently local and highly
heterogeneous. Coastal cities such as Chennai, Kochi, and Mumbai exhibit wind regimes influenced by sea breezes,
monsoon systems, and open exposure, whereas inland metros such as Bengaluru, Hyderabad, and Pune experience
lower average speeds, higher turbulence, and significant rooftop-level variability. Recognizing and responding to
these differences are fundamental to making urban wind energy viable rather than experimental.

By developing a hybrid geospatial dataset that integrates altitude, surface roughness, coastal proximity, and sea-
sonal wind patterns, this study successfully replicated the complexity of India’s urban wind landscape with high
fidelity. Machine learning models trained on this dataset demonstrated strong predictive capability in estimating
wind speed, turbine power output, and optimal turbine type selection. The models consistently identified contexts in
which Darrieus turbines maximize efficiency, in which Savonius turbines offer superior reliability under low and
turbulent winds, and in which Helical and H-Rotor designs provide a balanced compromise among performance,
noise, and structural feasibility. A defining strength of this research lies in its interdisciplinary integration. Rather
than treating wind energy as a purely mechanical or purely data-driven problem, the proposed system blends

81



JBDAI Vol. 4 No. 1, pp. 63-83/ 2026

environmental physics, urban geography, turbine engineering, and machine learning intelligence. This layered
methodology allows the system to function not merely as a numerical predictor but as a decision-support mecha-
nism capable of guiding realistic deployment choices in complex urban settings.

Equally important is the software implementation of the framework. The modular and transparent design ensures
reproducibility, adaptability, and ease of extension. By translating abstract models into a functional decision-
support tool, the study bridges the gap between theoretical research and practical application, which enables use by
planners, engineers, academic institutions, and sustainability-focused organizations. Ultimately, the contribution of
this work extends beyond accuracy metrics or model performance. It presents a forward-looking vision in which
urban wind is no longer overlooked but is treated as a meaningful component of the city-scale renewable energy
ecosystem. In such a future, compact and intelligently selected rooftop turbines may complement solar installations,
enhance energy resilience, and contribute to localized power generation without disrupting the urban fabric.

9. Future Work

Although the proposed framework demonstrates strong potential, several avenues remain open for future explora-
tion and enhancement:

1. Real-World Experimental Validation: Rooftop deployment of VAWTSs across representative Indian cities,
such as Mumbai, Bengaluru, and Chennai, would enable empirical validation of model predictions and
improve calibration at micro-wind scales.

2. Integration with 3-Dimensional Urban Morphology Models: Incorporating building height maps, street
canyon effects, and computational fluid dynamics simulations would allow more precise modeling of air-
flow distortions caused by dense urban structures.

3. Deep Learning—Based Wind Field Modeling: Advanced neural networks trained on satellite imagery, reanal-
ysis climate data, and temporal weather sequences could further improve wind-speed forecasting and sea-
sonal adaptability.

4. Economic and Structural Feasibility Analysis: Extending the model to include cost estimation, payback
period, vibration analysis, rooftop load constraints, and maintenance considerations would enhance its real-
world deployment readiness.

5. Hybrid Solar—Wind Optimization Frameworks: Given the dominance of rooftop solar in Indian cities, future
work can focus on co-optimizing turbine placement with photovoltaic systems to maximize total renewable
yield per unit rooftop area.

6. City-Specific Deployment Guidelines: Developing tailored policy and deployment roadmaps for major
metros, such as Delhi, Mumbai, and Bengaluru, could support municipal renewable strategies, subsidy
frameworks, and smart-city initiatives.

Urban wind energy is not intended to replace large-scale wind farms or solar power installations. Its value lies in
augmentation rather than substitution, providing clean, localized energy that integrates seamlessly into the urban
rhythm. This research demonstrates that, with intelligent modeling, machine learning—driven insights, and sound
engineering principles, Indian cities can transition from passive energy consumers to active participants in renew-
able generation.

As cities continue to expand and digital infrastructure matures, rooftop VAWTs may become a familiar and
accepted feature of the urban skyline. The work presented in this study represents a step toward that future, one
where India’s cities learn to understand, adapt to, and harness the winds that flow through them every day.
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ABSTRACT

This paper explores how artificial intelligence (Al) transforms the foundations of strategic management
theory. While traditional debates have centered on industry structure and resource-based perspectives,
Al introduces a theoretical discontinuity that challenges assumptions about cognition, resources, and
firm boundaries. We examine five influential streams: Behavioral Strategy, Microfoundations, Ecosys-
tems and Platforms, Stakeholder Resource-Based View, and Strategy-as-Practice, to assess how Al
reshapes their core premises. Our analysis reveals that Al creates hybrid cognitive architectures,
embeds algorithmic actors into microfoundations, reconfigures ecosystems around foundation models,
redistributes resource control to stakeholders, and alters strategizing practices through continuous, Al-
augmented processes. The paper concludes with an agenda for empirical research, emphasizing multi-
level analysis, algorithmic governance, and ethical considerations in an Al-infused strategic landscape.

Keywords artificial intelligence, strategic management theory, behavioral strategy, microfoundations, digital eco-
systems, human-Al collaboration, algorithmic governance.

1. Introduction

Strategic management has always been centrally concerned with explaining persistent differences in firm perfor-
mance. From the earliest works in the field, scholars have attempted to answer a deceptively simple question: Why
do some firms succeed while others fail?

Two dominant perspectives, the external industry configuration view and the resource-centric perspective
(resource-based view, RBV), have provided the field’s foundational answers. The external industry configuration
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perspective, anchored in industrial organization economics (Porter 1980), emphasizes how competitive positioning
within an industry and the structure of the external environment drive sustainable rents. By contrast, the RBV (Wer-
nerfelt 1984; Barney 1991) argues that firm-level heterogeneity rooted in valuable, rare, inimitable, and non-
substitutable resources is the essential source of strategic edge.

Competitive advantage (Porter 1980; Barney 1991; Wernerfelt 1984) and bounded rationality frameworks (Simon
1947; Cyert and March 1963; Nelson and Winter 1982) provided the initial scaffolding for this research, while sub-
sequent developments of the knowledge-based view (Grant 1996; Nonaka 1994) and stakeholder theory (Freeman
1984) expanded the field’s perspective on value creation. Over the last three decades, scholars have devoted consid-
erable energy to synthesizing these perspectives, whether by integrating industry-level and firm-specific mecha-
nisms, proposing multilevel theories of capabilities, or reconciling structure and agency in the genesis of advantage.
This interpretation is extended by incorporating contemporary artificial intelligence (Al)-driven dynamics, offering
a novel synthesis beyond classical frameworks.

Yet the contemporary emergence of Al, as both a technological paradigm and an organizational force, poses chal-
lenges that extend far beyond traditional attempts at synthesis. Al undermines long-standing assumptions about
managerial rationality, the nature of organizational resources, and even the unit of analysis in strategy theory.
Machine learning systems redefine what constitutes human and nonhuman agency. Generative Al systems alter the
positioning, domain-specific variances, transparency and cost structure of information processing, representation,
and recombination (Bhuyan et al. 2025; Tripathi et al. 2025; Chidipothu et al. 2025). Foundation models (FMs)
transcend firm boundaries, embedding themselves into ecosystems, supply chains, and institutional infrastructures.
They also reshape the dynamics between firms and their stakeholders, altering power, participation, and
co-creation. In short, Al constitutes a discontinuity with implications not only for strategy practice but for strategy
theory itself.

Despite rapid practitioner interest in AI’s strategic implications, academic strategy research has only begun to con-
front the theoretical consequences. Emerging work in strategy research highlights the role of Al in reshaping com-
petition (Cockburn et al. 2018), augmenting managerial cognition (Shrestha et al. 2019), transforming
organizational capabilities (Raisch and Krakowski 2021), restructuring ecosystems (Hannah and Eisenhardt 2018),
and accelerating learning processes (Wu and Wang 2021). These contributions provide important starting points,
yet the field lacks a systematic account of how Al reverberates across strategy’s key theoretical directions and what
a synthetic, Al-informed strategy theory might entail.

This paper seeks to fill that gap by examining five influential theoretical trends in contemporary strategy research
and evaluating how Al reshapes each:

1. Behavioral Strategy: How does Al alter assumptions about cognition, limited rationality, emotions, heuris-
tics, and social influence in strategic decision-making?

2. Microfoundations: How does Al challenge existing models of individual-level heterogeneity, interaction
patterns, and the human foundations of firm-level outcomes?

3. Ecosystems and Platforms: How does Al reconfigure interconnected network architectures, multiactor com-
plementarities, and the governance of distributed innovation?

4. Stakeholder RBV: How does Al transform resource co-creation with stakeholders, introduce new forms of
value appropriation, and shift power across stakeholder groups?

5. Strategy-as-Practice (SAP): How does Al reshape strategizing as lived practice, i.e., the tools, routines,
interactions, and situated actions through which strategy is performed?

These five areas are not exhaustive; many additional streams, dynamic capabilities, evolutionary economics, real
options, and knowledge-based theories, are likewise affected by AI. However, these five represent major contempo-
rary directions in mainstream strategy research, and together they offer a multifaceted foundation for exploring how
Al destabilizes core theoretical assumptions.

1.1. AI as a Transformational Theoretical Shock

Much like the rise of digital platforms in the early 2000s, Al functions as what theorists might call a general-
purpose technology, but one whose generality and adaptivity are unprecedented. Machine learning algorithms are
not simply tools; they are evolving systems capable of learning patterns, generating outputs, and increasingly acting
with a degree of autonomy (Jordan and Mitchell 2015). This “agentic”” dimension of Al, its capacity to make recom-
mendations, initiate actions, and influence decision flows, creates theoretical complexity that extends beyond auto-
mation or digitization. From a strategy theory standpoint, Al simultaneously affects:
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o the cognition of managers (what they perceive, ignore, and prioritize)

o the resources firms control (data, models, and algorithmic capabilities)

o the structure of competition (winner-take-all dynamics, scalability of adaptive learning systems)

o the nature of ecosystems (interdependence among models, data flows, and platforms)

e stakeholder dynamics (distributional consequences, new power asymmetries)

e strategic practice itself (expansively fluid intelligence, tools, routines, decision processes, and the locus of
agency)

Thus, Al forces a reconsideration of strategy’s foundational ontology. It forces us to ask fundamental questions:
What is a resource? Who or what is a strategist? What is the boundary of a firm? How do capabilities emerge when
“actors” include both humans and intelligent systems? What does strategic edge mean when adaptive intelligence,
not static resources, becomes the basis of primary value creation?

These ontological questions echo themes in the field’s recent interest in behavioral realism, multilevel theorizing,
and dynamic, process-oriented views of strategic edge. Yet Al pushes each of these themes into new territory,
requiring both conceptual innovation and integrative synthesis.

1.2. Toward an Al-Infused Strategy Theory

Understanding Al-infused strategy requires moving beyond purely technological or economic framings to
embrace sociotechnical perspectives. Actor-network theory provides a valuable lens for understanding how
algorithmic actors reshape organizational networks (Latour 2005; Callon 1984). The concept of sociomateriality
helps us theorize the inseparability of human and algorithmic agencies in strategic practice (Orlikowski 2007;
Orlikowski and Scott 2008; Leonardi 2011). These perspectives reveal how Al transforms not just decision out-
comes but the very fabric of organizational life. Moreover, institutional theory reminds us that AI adoption
reflects not only efficiency calculations but also legitimacy pressures and mimetic isomorphism (DiMaggio and
Powell 1983).

Al has been broadly defined as a cluster of “technologies that mimic the functions and expressions of human
intelligence, specifically cognition, logic, learning, adaptivity and creativity” (Samuel 2021; Samuel et al. 2022,
2024). While this ontologically grounded definition captures AI’s essential characteristics from a contemporary
perspective, it remains insufficient for advancing strategy research and practice. Strategic management requires
not merely an understanding of what Al is, but rather a conceptualization of what Al does—how it transforms
the mechanisms through which firms create and capture value (Dwivedi et al. 2021). Following our analysis of
AT’s influence on five major strategy theories, we present a contextualized articulation of Al that emphasizes its
functional impacts on competitive dynamics, organizational capabilities, and the fundamental processes of strat-
egizing itself.

One of this paper’s central arguments is that Al is not simply an empirical phenomenon requiring new stud-
ies, but a transformative systemic shock that necessitates a re-evaluation of long-standing strategy theories
(Galaz et al. 2021). However, rather than discarding the field’s existing insights, AI may provide an integra-
tive glue that helps synthesize the external industry configuration and resource-based traditions. Al can also
act as a disruptor and replacer, which affects both external and internal sources of advantage (Wan and Zhao
2024). It alters industry-level dynamics (data network effects, digital hub competition) while also reshaping
firm-specific resources and capabilities (proprietary data, model fine-tuning routines, organizational learning
loops).

Therefore, AI may enable a new synthesis in strategy theory, one that reconciles external and internal explanations
by focusing on learning processes, cross-boundary data flows, and multiactor complementarities as fundamental
drivers of advantage. The five theoretical trends examined in this paper each illuminate a different facet of this
synthesis:

Behavioral strategy reveals how Al changes the psychology and cognition of strategizing.
Microfoundations explain how Al alters the building blocks of capabilities and interactions.
Ecosystem theories show how Al restructures the locus of competition.

Stakeholder RBV highlights distributed value creation and ethical-political consequences.

MY

SAP exposes how Al transforms strategizing as an enacted, material practice.
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By analyzing how Al transforms these areas and synthesizing them into a comprehensive framework, this paper
aims to articulate a forward-looking theory of agentic Al and strategic management.

1.3. Structure of the Paper

The remainder of the paper is organized as follows. Section 2 reviews five major theoretical trends influential in
contemporary strategy research. Section 3 outlines how Al intersects with and challenges existing models in each
area, drawing extensively on recent SMJ contributions. Section 4 presents a comparative table contrasting pre-Al
and post-Al perspectives on the determinants of strategic edge across the five theoretical domains. Section 5 con-
cludes with implications for theory, methods, and practice.

This paper conceptualizes Al not as a technological add-on but as a transformative force that necessitates a fun-
damental shift in the assumptions underpinning strategy theory. As Al becomes increasingly embedded in
organizations, ecosystems, and sociotechnical infrastructures, strategic management research must develop a
theoretical vocabulary that addresses this new reality. The goal of this paper is to take a step toward such a
vocabulary.

2. Five Influential Trends in Strategy Research

The emergence of FMs represents a fundamental shift in Al capabilities, with profound implications for organiza-
tional strategy (Bommasani et al. 2021; Xu et al. 2025). These models demonstrate general-purpose learning abil-
ities that challenge traditional assumptions about technological specialization and competitive advantage. Recent
research suggests Al may fundamentally reshape economic growth trajectories (Aghion et al. 2019), labor markets
(Bessen et al. 2025), and the nature of human-machine collaboration (Passerini et al. 2025). The competitive
dynamics among FM providers introduce new questions about market structure and governance (Haim and Meyer
2024), while the algorithmic mediation of organizational relationships creates novel power structures (Gutiérrez
2024). These developments demand new forms of digital leadership attuned to Al-specific capabilities (Hossain
et al. 2025).

Over the last three decades, strategic management has evolved from a field primarily concerned with competitive
positioning and firm-level resources to one that increasingly incorporates insights from behavioral science, organi-
zational microdynamics, stakeholder engagement, practice-based perspectives (Guerras-Martin et al. 2014), and
ecosystems theory (Jacobides et al. 2018),. These developments expand the theoretical boundary of strategy while
also sharpening analytical tools for understanding how organizations create and appropriate value. In this section,
we review five major theoretical trends that have become central to strategy research and that form the backbone of
our analysis of how Al transforms theoretical assumptions.

The five areas, behavioral strategy, microfoundations, ecosystems, stakeholder RBV, and SAP, were selected
because they have shaped significant streams of inquiry in the field and because they capture different layers of
analysis: cognition and behavior, individual-level interactions, multiactor systems, stakeholder relationships, and
the situated practices of strategists. Together, these streams illuminate the diverse mechanisms through which strate-
gic edge develops and evolves.

2.1. Behavioral Strategy and the Psychology of Strategizing

The behavioral turn in strategic management emerged as a response to critiques of the rational-actor model inherited
from classical economics. Early behavioral insights from Simon (1947), Cyert and March (1963), and others
emphasized limited rationality, satisficing, routines, and the sociopolitical nature of organizational decision-making.
Yet these ideas were not fully integrated into strategy until the 2000s, when scholars like Gavetti (2005), Levinthal
(2011), and Powell et al. (2011) mobilized cognitive and psychological insights to explain strategic behavior more
realistically.

Behavioral strategy focuses on several core dimensions. The first of these are cognition and mental models. Stra-
tegic decision-makers rely on cognitive schemas, analogies, frames, and heuristics to interpret environments.
These mental models shape what firms perceive, how they attend to information, and how they make sense of
competitive contexts. Research by Gary and Wood (2011), Eggers and Kaplan (2013), and Kaplan (2011) dem-
onstrates how managerial cognition affects strategic choices under ambiguity, complexity, and competitive
pressure.
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In addition, behavioral strategy focuses on biases and heuristics. Strategic choices are systematically shaped by psy-
chological biases, overconfidence, loss aversion, anchoring, escalation of commitment, and others (Powell et al.
2011). Although biases can create performance traps, heuristics sometimes facilitate effective strategizing by simpli-
fying complexity.

Shifting from a purely economic approach, behavioral strategy also takes emotion and social influence into consid-
eration. Recent extensions acknowledge affect, identity, status, and social dynamics as important determinants of
strategic behavior (McDonald and Westphal 2013). Emotions influence risk-taking, conflict resolution, alliance
decisions, and entrepreneurial judgment.

The importance of behavioral realism in strategy theory is also foregrounded. The core argument of behavioral strat-
egy is that realistic assumptions about human cognition and emotion improve explanatory power (Gavetti 2012).
Instead of assuming perfect rationality, behavioral strategy assumes bounded, structured, and socially embedded
rationality.

This perspective has become essential for understanding how decision-makers formulate strategy, interpret competi-
tive signals, and navigate uncertainty, making it a crucial foundation for analyzing how Al alters managerial cogni-
tion and strategic judgment.

2.2. Microfoundations of Strategy

While behavioral strategy emphasizes the cognitive and psychological processes of individuals, the microfounda-
tions movement addresses a broader question: How do individual-level actions and interactions generate firm-level
outcomes?

The microfoundational agenda emerged around 2010 as scholars grew increasingly dissatisfied with “black box”
explanations of capabilities, routines, and performance heterogeneity. Research by Felin and Foss (2005), Felin
et al. (2015), and Barney and Felin (2013) emphasized the need for theories that explicitly articulate how individu-
als, through their attributes, behaviors, and interactions, create and modify organizational-level constructs. This
interpretation is extended by incorporating contemporary Al-driven dynamics, offering a novel synthesis beyond
classical frameworks.

Three themes define microfoundational work. The first is individual heterogeneity. Microfoundation theorists
believe that capabilities and routines originate from the skills, motivations, knowledge, and cognitive differences
among individuals (Felin and Foss 2005). Even highly abstract constructs such as adaptive capabilities or absorptive
capacity must ultimately be grounded in individuals’ abilities to sense, interpret, and act.

The second theme involves interactions and coordination mechanisms. Individuals rarely act in isolation; organiza-
tional outcomes arise through structured interactions supported by coordination mechanisms, relational contracts,
communication patterns, and shared understandings. Microfoundations emphasize how patterns of interaction, such
as communication networks or cross-functional teaming, produce emergent outcomes (Ployhart and Moliterno
2011).

Finally, microfoundations address aggregation and emergence. A key contribution of microfoundations is to clarify
how individual actions accumulate into organizational phenomena. This involves understanding emergence: firm-
level capabilities result not from simplistic summation but from complex, interdependent interactions. Organiza-
tional routines, for example, emerge from repeated interaction patterns but acquire stability through collective
enactment.

The microfoundational lens is valuable for studying Al because Al alters who (or what) performs actions, how
individuals interact with systems, and how firm-level outcomes emerge from human-AI hybrids. The shift from
purely human microfoundations to sociotechnical microfoundations challenges the boundary conditions of the
field.

2.3. Ecosystems, Platforms, and Meta-Organizations

Over the past decade, ecosystems and platforms have become defining concepts in strategy research. Traditional
strategy theories conceptualized competition as occurring between firms within industries or markets. Intercon-
nected network thinking expands this by focusing on loosely coupled, multiactor systems in which value creation
depends on complementarities among firms, users, regulators, and institutional actors. Ecosystem theory has
evolved from early work on innovation ecosystems (Adner 2006; Autio and Thomas 2014) to more nuanced under-
standings of platform-based value creation (Gawer 2014; Gawer and Cusumano 2014). The modular architecture of
digital platforms (Baldwin and Clark 2000) enables new forms of ecosystem orchestration. The emergence of Al
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platforms introduces additional complexity in how value is created and captured across eco- system participants
(Jacobides et al. 2019).

Three distinctive ideas underpin ecosystems research, The first relates to the primacy of complementarities. Firms
create value not in isolation but through complementarities, among modules, technologies, and actors. The success
of a digital hub depends on the quality and diversity of complementary innovations (Hannah and Eisenhardt 2018;
Kapoor and Agarwal 2017).

The second theme involves distributed and interdependent innovation. In ecosystems, innovation is distributed
across multiple firms and actors. No single firm controls all critical resources (Adner 2017). Meta-organizations,
organizational forms where membership is composed of other organizations, shape coordination, governance, and
conflict resolution.

The third idea is that of winner-take-most dynamics and governance (Schrepel and Pentland 2025). Ecosystems and
platforms often exhibit network effects, scale economies, and data-driven learning loops that produce dominant
positions for a few firms. This creates new governance challenges, including power asymmetries, access control,
and rule-setting authority. Interconnected network theory provides a compelling framework for understanding Al
because Al development, deployment, and improvement occur in highly interdependent environments (Shur-Ofry
2024). FMs rely on data ecosystems, model hubs, cloud infrastructures, and communities of developers. Competi-
tive dynamics increasingly unfold not only between firms but between ecosystems of algorithms, data flows, and
complementarities (Schrepel and Pentland 2025).

2.4. Stakeholder RBV

Classic RBV focuses on firm-controlled resources as sources of advantage. Stakeholder RBV represents a major
shift, arguing that participating entities, not just shareholders, play central roles in resource creation, development,
and appropriation (Barney et al. 2021). In a sense, it expands the boundaries where firm-level research can be
enacted.

Some of the key premises of stakeholder RBV include:

Stakeholders as Resource Contributors: Stakeholders (employees, suppliers, customers, communities, regulators)
contribute tangible and intangible resources: knowledge, legitimacy, relationships, trust, data, and social support.
These resources shape a firm’s ability to generate and sustain strategic edge (McGahan 2021).

Co-Creation and Co-Specialization: Value emerges through collaborative interactions among firms and stakehold-
ers. Co-specialized assets, resources whose value depends on relational fit, create mutual dependence. The more
stakeholders are integrated into capability development, the more they influence strategic outcomes (Harrison et al.
2010).

Stakeholder Power and Value Appropriation: Stakeholders vary in their power, claims, salience, and ability to cap-
ture value. Stakeholder RBV highlights distributional questions: who benefits from resource creation, and under
what conditions? This perspective suggests that value creation is a fundamentally relational process, whereby the
firm’s competitive success depends on its ability to effectively manage and integrate the diverse interests of its
stakeholder network (Freeman et al. 2021).

Ethical and Sociopolitical Considerations: Many strategic resources are socially constructed, making ethical
and political issues such as fairness, equity, and transparency, central to understanding competitive advantage.
This is particularly relevant for Al, where issues of data rights, privacy, surveillance, and algorithmic fairness
introduce new stakeholder tensions. The potentially severe consequences of Al mismanagement, whether
through intentional misuse or unintended harm, necessitate moving beyond discourse on “human-centered AI”
toward frameworks that actively enhance human capabilities and wellbeing. Strategic advantage increasingly
depends on organizations’ ability to deploy Al in ways that demonstrably elevate human agency, augment
rather than diminish human capacities, and create value that stakeholders experience as genuinely beneficial
rather than extractive (Kashyap et al. 2024; Samuel et al. 2024). Firms that treat ethical considerations as con-
straints to be minimized risk stakeholder backlash and regulatory intervention, while those that embed human
enhancement principles into Al strategy may gain legitimacy-based advantages and more durable stakeholder
relationships.

Stakeholder RBV is essential to understanding how Al impacts strategy because Al depends on data derived from
stakeholders, shapes stakeholder experiences, and redistributes value and risk across stakeholder groups (Ozdemir
et al. 2023; Kashyap et al. 2024). The successful reinforcement of ecological sustainability at the ecosystem level
often depends on the diversity of the stakeholder network, as collaborations with secondary stakeholders are specifi-
cally associated with the development of eco-innovations (Ozdemir et al. 2023).
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2.5. SAP

SAP shifts attention from strategy as a property of firms to strategy as something people do, emphasizing everyday
activities, tools, and routines through which strategizing is enacted. Users of SAP (Whittington 2006) argue that tra-
ditional perspectives obscure the micro-level practices that produce strategy. Current approaches to SAP focus on
emphasizing dynamism in strategic theory and practice (Prashantham and Healey 2022).

SAP focuses on three interrelated dimensions:

Practitioners: It is important to ask who we refer to when we talk about strategists. SAP researchers believe that
beyond top managers, strategists include middle managers, consultants, analysts, and increasingly, technological
artifacts and systems.

Practices: What tools, methods, and techniques do strategists use? Practices include forecasting tools, decision
frameworks, performance dashboards, analytical techniques, and planning routines.

Praxis: What do strategists actually do in day-to-day settings? Praxis includes meetings, presentations, planning
cycles, negotiations, sensemaking, and interactions.

A distinguishing feature of SAP is its materiality: strategizing is mediated by artifacts, spreadsheets, slide decks,
dashboards, analytics tools. This makes SAP particularly relevant for understanding how Al transforms strategizing
because Al creates new tools, embeds itself in existing practices, and acts as a quasi-strategist by participating in
decision processes.

2.6. Why These Five Trends Matter for AI

These five trends represent distinct but complementary theoretical developments in strategy. They jointly provide:

e A behavioral lens on cognition and decision-making
¢ A micro-level lens on individuals and interactions

e A system-level lens on ecosystems and platforms

o A stakeholder lens on value creation and claims

e A practice-based lens on strategizing-in-action

Together, they enable a multilayered understanding of strategic management, one that is well-suited to capturing
the profound changes introduced by Al. Each trend reveals a different way in which Al destabilizes the assumptions
of traditional strategy theories. In subsequent sections, we examine how Al intersects with these areas and how
foundational constructs, such as strategic edge, firm boundaries, and the nature of resources, must be reconceptual-
ized in light of AL

3. How AI Intersects with and Challenges Strategy Theory

Al is not simply a new technology. It is a general-purpose, adaptive, and increasingly agentic system that funda-
mentally reshapes how firms sense opportunities, make strategic decisions, configure resources, coordinate activities
across organizational boundaries, structure network relationships, and ultimately innovate. Unlike prior technolo-
gies that automated predefined tasks, Al systems learn, adapt, understand queries and users better, and generate
novel solutions, transforming not only the efficiency of strategic processes but the fundamental nature of strategy
(Samuel et al. 2022, 2026).

While earlier digital technologies influenced communication, transaction costs, or knowledge flows, Al transforms
core strategic mechanisms: sensing, learning, prediction, recombination, attention allocation, and resource deploy-
ment. In this section, we show how Al reshapes, extends, and in some cases destabilizes the assumptions embedded
in the five theoretical areas outlined earlier. To ground the discussion, we draw upon relevant strategy research,
where scholars have begun exploring Al’s strategic implications.

3.1. AI and Behavioral Strategy

Behavioral strategy rests on psychological realism, cognition, heuristics, biases, and limited rationality. Al interacts
with every part of this foundation, reshaping the informational environment, altering cognitive processes, and intro-
ducing a new quasi-agent with its own distinct characteristics.
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Below, we highlight four ways in which our theoretical understanding of behavioral strategy is affected by the
emergence of strategy in firm practices.

Al alters attention structures and cognitive frames: Al-based systems change how managers perceive and prioritize
issues by filtering information (recommender systems, predictive dashboards), by highlighting patterns not readily
identifiable by humans, and by structuring interpretive frames through model outputs, confidence scores, or anom-
aly alerts. Shrestha et al. (2019) show how AI reshapes managerial cognition by augmenting sensemaking pro-
cesses. Al generates synthetic representations of environments, probability distributions, risk scores, clusters, that
serve as cognitive scaffolds, influencing what managers attend to.

Al may attenuate certain biases but amplify others: Al can reduce some biases (anchoring or availability heuristics)
by offering more stable baselines or by countering human overconfidence with statistical calibration. Conversely,
Al may amplify confirmation bias as humans selectively attend to algorithmic outputs that align with their beliefs.
Strategy research on algorithmic decision support (Ransbotham et al. 2021) warns that humans may overweight
algorithmic authority while misunderstanding model error. This raises an important theoretical question: Does Al
reduce limited rationality or merely shift its locus?

Al introduces algorithmic biases and model persuasion: Al systems exhibit their own forms of bias, stemming
from data sampling, model architectures, or training objectives. These algorithmic biases can shape strategic deci-
sions in ways that differ from human psychological biases but are nonetheless consequential (Mehrabi et al. 2021).
Al may also exhibit persuasive power: the capacity to steer attention, frame options, or nudge decision-makers. As
high-stakes strategic decisions become increasingly mediated by Al, behavioral strategy must incorporate human—-
algorithm joint cognition.

Al changes the emotional landscape of strategizing: Managers may experience anxiety, distrust, or overconfidence
in response to Al systems. Emotions influence how they incorporate model outputs and whether they accept or
reject Al recommendations. This emotional interface between humans and technology becomes a new determinant
of strategic behavior.

3.2. Al and Microfoundations

Microfoundations explain how individual actions produce firm-level outcomes. Al challenges these assumptions by
altering the identity of actors, the nature of interactions, and the mechanisms of aggregation and emergence. Below,
we highlight three key ways in which the emergence of Al affects our understanding of the microfoundations of
strategy.

Al as a strategic actor: Traditional microfoundations assume that individuals are human, cognitively bounded,
embedded in social structures, and motivated by incentives, beliefs, and identities. Al violates multiple assumptions
simultaneously. It is non human, computationally powerful, trained on large-scale data rather than experiential
learning, and motivated (in a sense) only by optimization objectives (Garvey et al. 2021). These represent funda-
mental shifts in our understanding of human-non-human interactions within firms. Al becomes a new class of
microfoundational actor, neither human nor tool but a hybrid entity performing tasks normally attributed to individ-
uals (forecasting, design, analysis, problem-solving). This challenges the anthropocentric foundations of strategy
theory.

Al alters interaction patterns and coordination mechanisms: Human-Al hybrids create new interaction structures.
These include delegation chains in which Al performs tasks that humans previously coordinated, predictive coordi-
nation, where agents synchronize based on algorithmic forecasts, and hidden interdependencies, because Al models
may embed correlations invisible to humans. Strategy research on digital coordination (von Krogh et al. 2023) pro-
vides early insights into how algorithmic systems reshape organizational interactions.

Aggregation dynamics change in human-Al systems: Capabilities arise not simply from human actions but from
human-AlI co-evolution. Learning loops evolve differently. On one hand, model updates may alter individual behav-
ior, while on the other, individuals fine-tuning models may alter model outputs. This collective behavior feeds new
data back into the system. In other words, Al introduces reflexive microfoundations, where emergent outcomes
depend on recursive interactions between people and algorithms.

3.3. Al Ecosystems, and Platforms

Al challenges interconnected network theory at its core. It changes the architecture of complementarities, the nature
of multiactor coordination, and the basis of strategic edge. Below, we highlight four ways in which the world of
ecosystems and platforms is fundamentally altered by the emergence of Al
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Al increases interconnected network interdependence: Training data, FMs, cloud infrastructures, and application
layers form deeply interdependent ecosystems. No single firm controls all necessary components. This aligns with
strategy research on interconnected network complexity (Hannah and Eisenhardt 2018), but Al increases interde-
pendence by embedding models into cloud compute layers, data pipelines, development frameworks, and API-
based service layers. Such interdependence amplifies both cooperation (shared learning) and competition (model
differentiation).

Al contributes to the emergence of FMs: FMs (GPT-like architectures) serve as digital hub cores around which
complements, including domain-specific models, datasets, applications, and agentic workflows, develop. Research
on digital hub architectures (Kapoor and Agarwal 2017) suggests that core modules determine system evolution. In
Al ecosystems, the core becomes updatable, fine-tunable, and partly opaque. This raises new strategic questions:
‘Who owns the model? Who controls training data? Who captures value from downstream complements?

Al reinforces winner-take-most dynamics: Al-driven ecosystems benefit from data network effects, algorithmic
feedback loops, scale economies in training, and deployment breadth effects (model quality improves with diverse
use cases). Cockburn et al. (2018) show that firms leading in Al enjoy durable performance advantages. These
dynamics intensify with FMs, which become increasingly difficult for late entrants to match.

Network governance becomes algorithmic: Governance is increasingly mediated by factors such as model access
controls, API pricing, safety constraints, fine-tuning permissions, and bias mitigation protocols (Ustahaliloglu
2025). Interconnected network governance thus becomes model governance, requiring strategy theorists to integrate
insights from computer science, ethics, and institutional theory (Rahwan et al. 2019).

3.4. Al and Stakeholder RBV

Stakeholder RBV emphasizes co-created resources and interdependent value. In that respect, it forced us to consider
the environment in which organizations operate as the domain of their praxis. Al further reshapes this understanding
of the role of stakeholders in a firm. Below, we highlight four ways in which it does so:

Stakeholders generate the most critical resource: Data are the foundation of Al. Yet data originate from stakehold-
ers. Customers generate usage data. Communities generate content data, employees generate operational data, sup-
pliers generate transactional data, regulators generate compliance data, and so forth (Jones and Tonetti 2020). Thus,
stakeholder participation becomes integral to Al-related strategic edge. The RBV’s traditional assumption that firms
own their resources is contradicted by Al, where data sources are shared, contested, or co-created.

Stakeholder power increases with data rights: Stakeholders gain power when they control consent, data access,
data deletion rights, and the ability to restrict or condition data sharing. Regulatory bodies also become dominant
stakeholders (Constantinides et al. 2018). GDPR, CCPA, and emerging Al-specific regulations redefine property
rights over data, shifting power dynamics.

Al generates new stakeholder risks: Stakeholder RBV emphasizes fairness and value distribution. Al creates risks
for each stakeholder group (Floridi et al. 2018). Customers face privacy loss and algorithmic discrimination. Work-
ers face automation and deskilling. Communities face surveillance, mis/disinformation, finally, partners face
dependency on digital hub-controlled models. The strategic management of stakeholder risks becomes a capability
in itself.

Stakeholders participate in Al co-creation: Open-source communities, developers, and crowd workers contribute to
training, validating, and fine-tuning models. Value creation becomes multisided, and value appropriation becomes
deeply contested (Nambisan et al. 2017).

3.5. Al and SAP

SAP focuses on strategizing as enacted practice, what people do in real situations. Al reshapes the materiality, tem-
porality, and agency of strategizing. Below, we highlight four ways in which it does so.

Al becomes a strategizing tool and companion: Al systems create new strategy tools, including predictive dash-
boards, text and image generation tools, simulation engines, automated scenario generators, and workflow-oriented
agentic systems. Strategizing becomes Al-augmented and, increasingly, Al-shaped.

Al alters the temporal structure of strategizing: Strategy once unfolded in cycles, annual planning, quarterly
reviews. Al introduces continuous strategy, through real-time pattern recognition, always-on monitoring, continu-
ous experimentation, and instantaneous simulation. This temporal shift breaks with long-established strategy
routines.
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Al as a “Quasi-Practitioner”: SAP calls for attention to the practitioners of strategy. Al raises challenging ques-
tions: Is Al a strategist? Does it participate in sensemaking? Can it influence agenda-setting? Early theoretical com-
mentary suggests that Al may become a quasi-practitioner, performing tasks traditionally reserved for analysts,
consultants, or managers. This expands the ontological boundaries of who participates in strategizing.

Al reshapes meetings, routines, and interactions: Agentic Al tools transcribe meetings, summarize discussions,
generate strategic options, and highlight inconsistencies. This changes interaction patterns, power dynamics, what
counts as “‘expertise,” the role of middle managers, and how strategists justify and legitimate decisions (Faraj et al.
2018). These changes affect not just outcomes but the practice of strategy itself.

3.6. Summary

Al intersects with strategy theory in profound ways:

o [t alters cognition, attention, bias, and sensemaking.

¢ It changes microfoundations by introducing nonhuman actors.

o [t transforms ecosystems into model-centered, data-driven structures.
o [t redefines stakeholder resources and power.

o It reshapes strategizing as an enacted, material practice.

Each theoretical area highlights a different dimension of AI’s transformative power.

In the next segment, we synthesize these insights into a comparative table contrasting pre-Al and post-Al determi-
nants of strategic edge across the five domains.

4. Comparative Framework and Post-AlI Transformations

To synthesize the theoretical developments described in earlier sections, this segment presents a comparative table
contrasting pre-Al perspectives on the determinants of strategic edge with emerging post-Al perspectives across the
five theoretical domains: behavioral strategy, microfoundations, ecosystems and platforms, stakeholder RBV, and
SAP. In the following the table, we provide an in-depth analytical narrative explaining each transformation and its
implications for strategy theory.

Table 1 provides a visual synthesis of the theoretical changes introduced by Al Figure 1 depicts the impacts of Al
on each theoretical domain, with the central role of Al as disruptor, integrator, and change agent driving the trans-
formation from traditional to Al-infused strategic imperatives. Below, we expand on these transformations, explain-
ing how each theoretical area must evolve to capture the mechanisms of advantage in Al-infused organizations and
ecosystems.

4.1. Behavioral Strategy: From Human Limited Rationality to Hybrid Cognitive Architectures

Before Al became hegemonic across firms, competitive advantage from a behavioral standpoint hinged on the abil-
ity of managers to display heightened cognition, marshal their heuristic judgment, not fall prey to biases, and gener-
ally display better judgment at a human level. While these skills are not necessarily neutralized by Al, an additional
dimension emerges, that of human-Al joint cognition. Attention and sensemaking take on an algorithmic character
as well. Below, we highlight three key ways in which a firm’s behavioral strategy is impacted by Al

From cognitive advantage to hybrid cognitive advantage: Before Al, strategic edge was strongly tied to managerial
cognition, how effectively leaders perceived opportunities, interpreted competitive signals, and avoided biases
(Kaplan 2008). The behavioral part of strategic edge came from superior attention, superior heuristics, or superior
sensemaking.

In the Al era, cognitive advantage is increasingly determined not only by human capabilities but by how firms inte-
grate Al systems into cognitive processes (Jarrahi 2018). Al detects patterns too complex for humans, reallocates
attention through alerts, flags, and prioritization, and reframes decision problems via simulations or model-
generated alternatives. Strategizing becomes a human—algorithm collaboration, with algorithmic cognition support-
ing, shaping, or sometimes overriding human judgment (Faraj et al. 2018).

Algorithmic bias as a strategic variable: Where behavioral strategy once emphasized human biases, firms must
now manage human biases, algorithmic biases, and biases emerging from human-algorithm interaction loops.
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Table 1: Pre-Al and post-Al perspectives on determinants of competitive advantage.

Theory Pre-Al Perspective Post-Al Perspective
Behavioral Advantage hinges on superior man-  Advantage depends on human—Al joint cogni-
Strategy agerial cognition, effective heu- tion, algorithmic augmentation of attention

ristics, reduced biases, and high- and sensemaking, the governance of model
quality executive judgment. Stra- biases, and firms’ ability to integrate algorith-
tegic outcomes depend on how mic and human judgment. Strategic outcomes
managers interpret environments. reflect hybrid cognitive architectures.

Microfoundations  Firm-level capabilities and perfor- Capabilities arise from sociotechnical ensem-

Ecosystems and
Platforms

Stakeholder RBV

Strategy-as-Prac-

mance arise from individual-level
skills, interactions, motivations,
and emergent routines. All
microfoundations are human.

Advantage emerges through com-
plementarities, control of plat-
form architectures, network
effects, and superior governance
of multiactor systems.

Stakeholders contribute unique
resources (knowledge, legiti-
macy, relationships), but firms
primarily control and appropriate
resources. Value creation occurs
in firm-stakeholder relationships.

Strategy emerges through human

bles of humans and Al systems. Al functions
as a quasi-actor embedded in routines, alter-
ing interaction patterns, delegation structures,
and emergent dynamics. Microfoundations
include algorithmic agents.

Advantage emerges from control of Al founda-
tion models, data ecosystems, compute
resources, and model governance. Ecosys-
tems become model-centric; competition
shifts to learning loops, fine-tuning networks,
and Al capability diffusion.

Stakeholders generate and control critical Al
resources (data, feedback, content). Advan-
tage depends on fair governance of data
rights, ethical Al practices, stakeholder trust,
and co-creation in model training and valida-
tion. Stakeholder power increases.

Strategy emerges through Al-augmented prac-

tice (SAP) practices: meetings, analyses, tices: automated analyses, Al-generated
interpretations, routines, and insights, simulations, and agentic workflows.
tools shaping the everyday doing Al becomes a quasi-practitioner influencing
of strategy. routines, interpretations, and power
dynamics.
BEHAVIORAL
STRATEGY
MICRO- Al STRATEGY-AS-
FOUNDATIONS PRACTICE
Disruptor
Integrator
Change Agent
ECOSYSTEMS & STAKEHOLDER

PLATFORMS

RBV

Figure 1: Strategy imperatives impacted by Al.
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Strategic edge may depend on how well firms mitigate and harness these biases (Barocas and Selbst 2016; Jarrahi
2018).

Strategic emotion in human-Al interaction: Trust, anxiety, and overreliance on algorithms become emotional fac-
tors shaping strategy (Dietvorst et al. 2015). Organizations that manage emotional adaptation to Al (through train-
ing, transparency, or governance) outperform those that struggle with Al-induced discomfort or resistance (Glikson
and Woolley 2020).

Table 2 synthesizes how Al transforms behavioral strategy across three dimensions. Human cognition evolves into
hybrid cognition where algorithmic systems augment managerial sensemaking through pattern detection and cogni-
tive scaffolds. Heuristics and biases expand to include managing both human and algorithmic biases, raising the
question of whether Al reduces bounded rationality or merely shifts its locus. Limited rationality gives way to an
emotional landscape where trust, anxiety, and adaptation to Al systems become strategic determinants.

These transformations reveal that cognitive advantage now depends on how effectively firms integrate algorithmic
and human judgment while managing the emotional interface between humans and technology.

4.2. Microfoundations: From Human Capabilities to Sociotechnical Capabilities

As Table 1 suggests, microfoundations in the pre-Al era were predicated upon individual-level skills, interactions,
motivations, and emergent routines. It was a sine qua non that all microfoundations were human. The terrain has
shifted considerably in the post-Al era. Microfoundations now necessarily include algorithmic agents. Agentic Al
gives rise to quasi-actors embedded in routines. They function to transform interaction patterns, disrupt delegation
structures, and reconfigure emergent dynamics for better or for worse. Below, we highlight three ways in which the
terrain of microfoundations has been transformed by Al

Al as a microfoundational actor: Microfoundations theory must expand its ontology. Pre-Al microfoundations
were explicitly human: individuals, their skills, their interactions. Post-Al, many traditionally human tasks, forecast-
ing, classification, text generation, diagnosis, resource allocation, are performed by Al systems (Raisch and Kra-
kowski 2021). This generates hybrid microfoundations, comprising humans, algorithms, interaction rules, data
flows, and feedback loops. New “individual-level” heterogeneity emerges from differences in model architectures,
training regimes, and fine-tuning (Felin et al. 2015).

Changing interaction patterns: Human-Al collaboration introduces new forms of coordination. These include
algorithm-mediated coordination (Al recommends who should do what), predictive synchronization (Al predicts
others’ actions and informs teammates), and multiagent interactions (multiple Al agents interacting with humans).
Capabilities emerge from interdependencies across human and algorithmic nodes.

Emergence in hybrid systems: Classic emergence involved repeated human interaction. Post-Al emergence depends
on model updates, data drift, reinforcement learning feedback, and human adaptation to algorithmic cues. The locus
of emergence shifts toward dynamic human—AlI co-evolution (Murray et al. 2021; Shrestha et al. 2021).

Al necessitates attention to the transformation of microfoundations from purely human actors to sociotechnical
capabilities. Individual capabilities must expand to include Al systems performing traditionally human tasks (fore-
casting, classification, text generation), generating hybrid microfoundations comprising humans, algorithms, and
data flows (see Table 3).

Human interactions can be transformed into algorithm-mediated coordination where Als can be deployed to recom-
mend task allocation, enables predictive synchronization, and create multiagent interactions. Skill-based heteroge-
neity would yield to adaptivity through continuous reconfiguration (Felin et al. 2015), where competitive advantage
stems from real-time adjustment rather than accumulated knowledge stocks (Teece 2018). These changes will fun-
damentally alter how firm-level outcomes emerge from individual-level actions and shift the locus of emergence
toward dynamic human-AlI co-evolution.

4.3. Ecosystems and Platforms: From Modular to Model-Centric

In the 21st century, platforms began to replace products as a source of competitive advantage in diversified firms,
especially in the space of technology-enabled commerce. It was believed that competitive advantage emerged in
these platforms through complementarities, control of platform architectures, network effects, and superior gover-
nance of multiactor systems. All those determinants of performance differentials remain salient, but a new layer
emerges in the post-Al landscape. The new source of competitive advantage is Al FMs, data ecosystems (lansiti
and Lakhani 2020), compute resources, and model governance (Schrepel and Pentland 2025). The model becomes
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salient to the ecosystem and Al capability diffusion becomes key. Below, we highlight four key elements of that
transformation.

FMs become the new digital hub cores: Historically, platforms coordinated complementarities (apps, suppliers,
modules). With Al, FMs become the core modules of ecosystems, generating capabilities across domains (language,
vision, code), lowering the cost of complement creation (agents, apps, copilots), and serving as focal points for
innovation communities (Bommasani et al. 2021; Bresnahan and Greenstein 1999). Innovation in FM-centric eco-
systems emerges through two mechanisms: emergent capability discovery, where developers uncover unanticipated
problem-solving abilities (such as cross-domain reasoning or novel task performance) that enable applications not
envisioned during model development, and architectural homogenization, where standardized FM interfaces allow
rapid deployment across diverse sectors with minimal adaptation (Bresnahan and Trajtenberg 1995; Baldwin and
Clark 2000). For example, a breakthrough in legal document analysis can immediately inform medical diagnosis,
customer service, or software development applications. Control over FMs thus becomes a primary source of inter-
connected network power, as these dual innovation mechanisms create network effects that reinforce the centrality
of dominant models.

Al amplifies winner-take-most competition: FM ecosystems fundamentally reshape competitive dynamics by intro-
ducing self-reinforcing learning advantages. Model quality compounds over time through more data, larger user
bases, more diverse fine-tuning tasks, and network effects from shared model improvements. This creates learning-
based strategic edges that differ fundamentally from traditional network effects. While conventional network
effects increase value through adoption, learning-based advantages improve the core product itself. Each interaction
generates training data that enhance model performance, attracting more users and generating more data in a com-
pounding cycle. Laggards face increasingly insurmountable barriers because catching up requires not just matching
current capabilities but replicating the cumulative learning embedded in leaders’ models (Agarwal et al. 2022).
Competition thus shifts from contestable markets where late entrants can leapfrog incumbents, to cumulative-
advantage markets where early leaders’ learning curves create persistent performance gaps that challenge traditional
strategy assumptions about competitive mobility.

Ecosystem governance becomes technical: Governance shifts from managing human complementarities to manag-
ing model access and API-based rules (Gillespie 2014) These include rate limits, safety constraints, fine-tuning per-
missions, model versioning, and compliance requirements. Firms with superior model governance architectures
(transparent, safe, flexible) outperform on interconnected network health. Critically, governance decisions become
encoded in technical infrastructure rather than negotiated through contracts or social norms. Access controls, usage
policies, and quality standards are embedded directly into APIs, creating quasi-regulatory systems that shape com-
plementor behavior automatically (Plantin et al. 2018). This technical embedding of governance rules accelerates
enforcement but also raises new strategic questions about who designs these architectures, how power is distributed
across governance layers, and whether complementors can effectively contest or exit from technically-mediated
systems.

Multi-interconnected network intensifies interdependence: Al models depend on global data sources, interoperable
tools, and cross-ecosystem infrastructures (Tilson et al. 2010; Yoo et al. 2010). Firms compete not just as stand-
alone platforms but as interdependent ecosystems, where one ecosystem’s model may rely on another’s compute
layer, while complementors cross-deploy applications across model ecosystems and industry boundaries blur
around cross-model interoperability. The ecosystem becomes the key unit of analysis, yet traditional ecosystem
theory assumes relatively stable boundaries and clear hierarchies. Al ecosystems exhibit fluid boundaries where
participants simultaneously cooperate (sharing infrastructure, data standards, pre-trained models) and compete (dif-
ferentiating on fine-tuning, application layers, user relationships), creating coopetition dynamics that are more com-
plex and dynamic than platform-era competition (Klinger et al. 2020). Strategic advantage increasingly depends on
orchestrating relationships across multiple, overlapping ecosystems rather than dominating a single, bounded
platform.

In summary, Al will drive the transformation of ecosystems and platforms from modular architectures to model-
centric structures (see Table 4).

FMs will replace traditional platform cores, generating capabilities across domains and lowering creation costs
through emergent capabilities and architectural homogenization. Platform coordination will evolve into technically-
mediated governance where API-based rules, access controls, and quality standards are embedded directly into the
infrastructure, creating quasi-regulatory systems (Jacobides et al. 2019). We anticipate that traditional network
effects will give way to learning-based strategic edges where model quality compounds through self-reinforcing
data cycles, creating cumulative advantages and persistent performance gaps for early leaders. As a result, competi-
tion will shift from contestable markets to overlapping ecosystems where participants simultaneously cooperate and
compete through shared infrastructure and cross-model interoperability.
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4.4. Stakeholder RBV: From Firm-Controlled Resources to Stakeholder-Governed Data and Trust

Stakeholders were always considered key to a firm’s competitive advantage, but it was felt that they did so by con-
tributing unique resources (knowledge, legitimacy, relationships). Despite their salience, it was believed that the pri-
mary firms controlled and appropriated resources (Hillman and Keim 2001). Things have transformed rather
radically in this realm. In the post-Al landscape, stakeholders generate and control critical Al resources (data, feed-
back, content). The gains therefrom will have to be shared as their power increases. Moreover, competitive advan-
tage is predicated upon the on fair sharing of data rights. Below, we highlight four themes relating to the
transformation of firm-stakeholder relationships in the post-Al era.

Stakeholders own or control critical inputs: The most important Al resource, data, originates with stakeholders.
This reverses the logic of resource control. Before Al became hegemonic, firms owned their resources (factories,
IP, proprietary routines). In the post-Al world of firms, stakeholders generate the key resource (data), and firms
must govern access and use responsibly (Zuboff 2019; Khatri and Brown 2010). This creates a new basis for advan-
tage: trusted access to stakeholder-generated resources.

Data rights become strategic assets: Data protection laws, consent frameworks, and community norms shape what
data firms can use, how they can use it, and whether stakeholders will cooperate with them over the short and long
term. Firms with stronger reputations for fairness, privacy, transparency, and reciprocity gain a long-term resource
advantage.

Stakeholder risks become strategic constraints: Stakeholders may resist Al adoption for a variety of reasons, includ-
ing privacy fears, Al phobia, job displacement, and algorithmic unfairness (Samuel et al. 2025). Managing stake-
holder risks is no longer just CSR, it becomes a capability that determines whether firms can sustain Al-driven
advantage.

Stakeholders become co-developers of capabilities: In the Al era, it becomes imperative for firms to partner with
their stakeholders through feedback, ratings, content creation, fine-tuning interactions, and crowdsourced testing.
stakeholders help develop and refine Al capabilities. Firms cannot monopolize value; they must orchestrate co-
creation (Prahalad and Ramaswamy 2004; Laursen and Salter 2006).

We predict that stakeholder RBV will evolve from firm-controlled resources to stakeholder-governed data ecosys-
tems. The most critical Al resource, data, originates with stakeholders, reversing traditional resource control logic
and creating new bases for advantage through trusted access (see Table 5).

Data rights will serve as strategic assets, and protection laws, consent frameworks, and community norms will
shape what firms can use and whether stakeholders cooperate. As a result, resource creation will shift from firm-
directed processes to co-creation opportunities where firms partner with stakeholders through feedback, ratings,
content creation, and crowdsourced testing. Managing stakeholder risks around privacy, displacement, and algorith-
mic fairness will become a capability that determines whether firms can sustain Al-driven advantages.

4.5. SAP: From Human Strategizing to AI-Augmented Strategizing

As Table 1 suggests, our pre-Al concepts of strategizing primarily involved human practices. Transforming strategy
work into a verb involved meetings, analyses, artifacts like documents and spreadsheets, and routines that high-
lighted the performative elements of strategy. Things are a bit different in the post-Al landscape. Today, the
“verbing” of strategy includes Al-augmented practices. These include automated analyses, Al-generated insights,
simulations, and agent powered workflows. Al becomes a quasi-practitioner influencing routines, interpretations,
and power dynamics (Jarzabkowski and Kaplan 2015). Below, we highlight four ways in which SAP has been
transformed by Al

Al becomes a ubiquitous strategy tool: Strategizing becomes materially transformed, through real-time dashboards
replacing periodic reports, generative Al producing draft strategic alternatives, simulation engines evaluating com-
petitive moves, and agentic Al conducting environmental scanning automatically. These practices change not only
outputs but how strategists act.

Al changes the rhythm of strategy work: Strategy becomes dynamic and continuous, requiring always-on monitor-
ing, instant experimentation, automated scenario testing, and continuous learning loops (Faraj et al. 2018; Raisch
and Krakowski 2021). This contrasts sharply with pre-Al episodic planning.

Al as a quasi-practitioner: Al joins the cast of strategists. It participates in meetings through summaries and
insights, produces analytic content, flags risks and opportunities, and sometimes even initiates strategic options (Jar-
zabkowski and Kaplan 2015). This raises new questions about who “owns” strategic decisions, how credit or
accountability should be assigned, and what becomes of expertise when Al can generate equivalent outputs.
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Power dynamics shift within strategizing groups: Al redistributes power by empowering junior analysts with
sophisticated analysis tools, reducing reliance on experience-based intuition, shifting influence toward those who
understand Al systems, and altering the expertise hierarchy. The practice of strategy becomes a negotiation between
human expertise, algorithmic suggestions, and institutional expectations (Christin 2020).

In short, SAP will transform from episodic planning to continuous, Al-augmented strategizing (see Table 6).

The temporal rhythm will shift from periodic reviews and annual planning cycles to constant monitoring, instant
experimentation, and continuous learning loops enabled by real-time dashboards. Consequently, Al-augmented
practices where automated analyses, generative Al, simulation engines, and agentic workflows will materially trans-
form how strategy is performed (Faraj et al. 2018; Raisch and Krakowski 2021). We also predict a shift in power
dynamics when Al redistributes influence by empowering junior analysts with sophisticated tools (Raisch and Kra-
kowski 2021), reducing reliance on experience-based intuition (Faraj et al. 2018), and altering expertise hierarchies
by democratizing access to technologies of rationality (Jarzabkowski and Kaplan 2015). AI will join the cast of
strategists as a quasi-practitioner, participating through summaries, producing analytic content, and flagging oppor-
tunities (Orlikowski and Scott 2008; Raisch and Krakowski 2021). This raises fundamental questions about who
owns strategic decisions and what constitutes expertise when Al can generate equivalent outputs (Faraj et al. 2018)

4.6. A New Architecture of Strategic Edge: Individual, Firm, and Ecosystem Transformations

Across all five theoretical areas, Al has introduced a paradigm shift. Cognition has become hybrid, capabilities have
become sociotechnical, ecosystems have become model-centric, resources have become stakeholder-generated, and
strategizing has become Al-augmented. Traditional sources of advantage, economies of scale, cost leadership, differ-
entiation, resource uniqueness—remain relevant but are increasingly overshadowed by learning-based advantages,
data network effects, model governance capabilities, hybrid cognitive systems, and ecosystem orchestration skills.

Al functions simultaneously as disruptor, integrator, and change agent. As a disruptor, Al upends established busi-
ness models and competitive positions through rapid capability advancement and unpredictable emergent behaviors
(Christensen et al. 2015). As an integrator, AI’s architectural homogeneity in FMs enables the combination of value
creation activities across previously disconnected domains, while its probabilistic reasoning and generative capabil-
ities provide normative guidance that reshapes decision processes and substitutes for human labor. As a change
agent, Al’s accelerating development since 2022 has compressed timescales for strategic adaptation, forcing organi-
zations to respond to technological shifts that once unfolded over decades.

Building on these roles and the theoretical transformations outlined above, we define Al in strategic management
terms as: an adaptive general-purpose transformative system with powerful but incomplete capabilities in cogni-
tion, learning, and creativity that fundamentally reshapes how firms sense opportunities, make decisions, configure
resources, coordinate activities, and innovate. This new perspective necessitates expansions to established strategy
frameworks and the development of new theoretical constructs. Our definition emphasizes not only what Al is onto-
logically, but what Al does strategically. It transforms the mechanisms through which competitive advantage is cre-
ated, sustained, and appropriated. Al does not simply modify strategy theory; it rewrites it.

While the five theoretical perspectives examined above illuminate distinct facets of AI's impact on strategy, they
collectively reveal a deeper multilevel architecture of transformation. Al does not simply alter individual theories in
isolation; rather, it operates simultaneously across three fundamental levels of strategic analysis: individual cogni-
tion, firm-level capabilities, and ecosystem-level coordination. These levels are interconnected through cascading
effects and feedback loops that amplify AI’s transformative power.

At the individual level, Al fundamentally reshapes managerial cognition. Traditional strategy scholarship has long
emphasized bounded rationality, cognitive biases, and limited information processing capacity as constraints on
strategic decision-making (Simon 1947; Kahneman and Klein 2009; Gavetti and Levinthal 2000). Al introduces
cognitive augmentation mechanisms including algorithmic decision support (Shrestha et al. 2021), distributed cog-
nition systems (Riedl et al. 2024), and hybrid problem-solving capabilities (Raisch and Fomina 2025; Passerini
et al. 2025) that transform individual cognition into hybrid human-Al architectures (Jarrahi 2018; Murray et al.
2021). Managers need no longer be bounded by the confines of their biological cognitive limitations. Instead, they
can rely on Al-augmented judgment, enhanced information processing (Samuel et al. 2022), and complementary
human-AlI capabilities (Raisch and Krakowski 2021) that create new forms of causal reasoning and expertise (Glik-
son and Woolley 2020). This shift from bounded rationality to hybrid cognition represents a fundamental change in
the microfoundations of strategic behavior (Eggers and Kaplan 2013; Gavetti 2012).

At the firm level, Al can transform the nature of competitive advantage. In the past competitive advantages were the
result of differences in valuable, rare, inimitable, and non-substitutable resources. These were complemented by
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organizational capabilities, routines, and hierarchical coordination within clearly defined firm boundaries (Barney
1991; Teece et al. 1997). Al introduces opportunities for data accumulation, algorithmic capability building, socio-
technical integration, and dynamic reconfiguration that can shift the basis of advantage from resource stocks to
learning velocities (Agarwal et al. 2022; Iansiti and Lakhani 2020; Raisch and Krakowski 2021). Post-Al competi-
tive advantage will depend on learning-based advantages, sociotechnical capabilities that blend human and algorith-
mic actors, human-Al collaborative routines, porous organizational boundaries, and fluid, Al-enabled coordination
structures (Faraj et al. 2018; Orlikowski and Scott 2008; Raisch and Fomina 2025). Firms will no longer compete
primarily on what they own, but on how rapidly they learn.

At the ecosystem level, Al can reconfigure the locus and logic of competition. Traditional ecosystem theories empha-
sized network effects, modular architectures, platform governance, and complementary relationships within relatively
stable value creation structures (Jacobides et al. 2018; Adner 2017). Al introduces FMs as organizing hubs, data eco-
systems as competitive arenas, cross-platform learning as a source of spillovers, and Al-driven orchestration mecha-
nisms as enablers of continuous co-evolution (Bommasani et al. 2021; Schrepel and Pentland 2025; Xu et al. 2025).
The result is a shift toward model-centric ecosystems where advantage will accrue to those who control FMs, leverage
data network effects, manage Al-driven complementarities, orchestrate distributed intelligence, and participate in
dynamic value co-creation (Gawer and Cusumano 2014; Jones and Tonetti 2020). Competition will move from con-
trolling modular interfaces to shaping learning systems that span organizational boundaries.

Note that these three levels do not operate independently. As Figure 2 illustrates, transformation at each level both
emerges from and reinforces changes at adjacent levels (Felin and Foss 2005; Ployhart and Moliterno 2011).
Individual-level cognitive transformations shape the development of firm capabilities, which in turn influence
ecosystem-level dynamics. Simultaneously, feedback loops operate in reverse. Ecosystem-level structures constrain
and enable firm-level strategies, which shape the cognitive tools and frameworks available to individual managers.
Al amplifies these cross-level dynamics through three reinforcement mechanisms visible in the figure: refocusing at
the individual level (as hybrid cognition continuously updates attention and interpretation) (Raisch and Fomina
2025), reconfiguration at the firm level (as learning-based advantages require ongoing capability renewal) (Teece
2018), and reinforcement at the ecosystem level (as model-centric structures entrench and evolve). Cross-level feed-
back loops further illustrate how ecosystem dynamics feedback to reshape both firm capabilities and individual cog-
nition, creating a self-reinforcing cycle of Al-driven transformation.

This multilevel synthesis reveals why Al represents more than an incremental technological shift. Al forces a recon-
ceptualization of strategy’s foundational assumptions by simultaneously transforming cognition, capabilities, and

Multilevel Transformation of Strategic Management by Artificial Intelligence
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Figure 2: Multilevel transformation of strategic management by Al
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ecosystems, and by creating powerful feedback loops that amplify change across levels (Gavetti 2012; Powell et al.
2011). The traditional separation between internal (firm-level) and external (industry-level) sources of advantage
will become increasingly untenable when learning processes, data flows, and algorithmic systems span and connect
all three levels (Nambisan et al. 2017). A comprehensive theory of Al-infused strategy must therefore account for
this multilevel, interconnected, and dynamically reinforcing architecture of transformation.

5. Conclusion and Empirical Research Agenda

Al is reshaping the foundations of strategic management. It alters what managers perceive, how organizations coor-
dinate, how ecosystems evolve, how value is created and distributed, and how strategic work is performed. Based
on this premise, we offer an Al-infused synthesis of strategy theory by (1) reframing classic strategy debates
through an Al lens, and (2) extending five major theoretical domains—behavioral strategy, microfoundations, eco-
systems, stakeholder RBV, and SAP, to incorporate the distinctive features of the Al landscape. We conclude by
synthesizing the paper’s contributions and implications for theory, empirical research, and practice.

In this paper, we have tried to accomplish two interrelated tasks. We have tried to reframe the classic debate in stra-
tegic management by viewing it through an Al lens and also offered contemporary extensions to five contemporary
theories in strategic research in light of the new Al landscape.

5.1. Reframing Classic Strategy Debates through Al

The longstanding divide between external industry configuration (Porter 1980, 1985) and resource-based explana-
tions (Barney 1991; Wernerfelt 1984) for strategic edge can be reframed through the lens of AI. We note that exter-
nal industry configuration is increasingly shaped by model-centric ecosystems, data access regimes, and Al
governance architectures (Bommasani et al. 2021; Schrepel and Pentland 2025).

Resource-based advantages depend on data richness, fine-tuning pipelines, sociotechnical capabilities, and hybrid
learning loops (Agarwal et al. 2022; Raisch and Krakowski 2021). Therefore, Al serves as a synthesizing mecha-
nism, enabling a unified perspective where strategic edge arises from orchestrating learning systems embedded in
both the external environment and internal firm capabilities (Iansiti and Lakhani 2020).

5.2. Extending Five Contemporary Strategy Theories

Each contemporary theoretical trend gains depth when integrated with Al. Behavioral Strategy becomes the study
of hybrid cognition and human-AlI joint decision-making (Powell et al. 2011; Raisch and Fomina 2025). Microfoun-
dations expand to include algorithmic actors, human-Al interaction structures, and sociotechnical emergence (Felin
et al. 2015; Murray et al. 2021). Ecosystems theory becomes model-centric, emphasizing data flows, FM cores, and
Al-driven complementarities (Jacobides et al. 2018; Xu et al. 2025). Stakeholder RBV foregrounds stakeholder-
generated resources (data, feedback), fairness constraints, and ethical governance (Freeman et al. 2021; Floridi et al.
2018). Finally, SAP evolves into Al-augmented strategizing, where agentic tools shape routines, interactions, and
legitimacy (Jarzabkowski and Spee 2009; Whittington 2006a). We conclude through our analysis that rather than
replacing existing theories, Al extends their explanatory reach.

5.3. Implications for Strategy Research

Al challenges foundational assumptions of strategy theory. Several implications follow:

Strategy must incorporate nonhuman actors as part of microfoundations theory: Microfoundations theory (Felin
et al. 2015; Felin and Foss 2005) assumes all strategic actors are human, with firm-level outcomes emerging from
individual attributes, interactions, and routines. Al disrupts this by introducing algorithmic agents that exhibit goal-
directed behavior, learn from experience, and influence outcomes (Gutiérrez 2024; Kellogg et al. 2020). Future
research must theorize how agency is distributed across human-Al ensembles, drawing on actor-network theory
(Latour 2005; Callon 1984), distributed cognition frameworks (Riedl et al. 2024; Sidji et al. 2024), and computa-
tional organizational theory. The following research questions deserve attention. Under what conditions do algorith-
mic agents complement versus substitute for human judgment? How do power dynamics shift when Al systems
mediate strategic decisions (Shrestha et al. 2019)? What new governance forms emerge when responsibility is dis-
tributed between humans and machines (Floridi et al. 2018)?

Cognition becomes distributed between humans and Al, requiring new models of decision-making: Research
should examine how Al augmentation affects managerial mental models, decision heuristics, and strategic frames
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(Riedl et al. 2024; Gary and Wood 2011). Key questions: How does reliance on Al-generated insights alter cogni-
tive processes underlying strategic choices (Kaplan 2011)? Under what conditions does Al amplify versus mitigate
cognitive biases (Kahneman and Klein 2009; Dietvorst et al. 2015)? How do managers calibrate trust in algorithmic
versus human judgment (Glikson and Woolley 2020)? Future work should integrate insights from human-computer
interaction (Sidji et al. 2024), cognitive science, and behavioral decision theory (Camerer 2003).

Strategic advantage shifts from learning capability to adaptivity: Al fundamentally reorients competitive advantage
away from learning capabilities, which were traditionally viewed as the ability to accumulate, codify, and leverage
knowledge over time (Teece et al. 1997; Eisenhardt and Martin 2000) toward adaptivity: the capacity to continu-
ously reconfigure in response to real-time feedback. While learning capability emphasizes building knowledge
stocks that become durable resources (Grant 1996; Nonaka 1994), adaptivity emphasizes fluid responsiveness
where insights immediately trigger reconfigurations rather than being stored for future use (Winter 2003; Zollo and
Winter 2002). Al systems enable this shift because they operate through continuous sensing, pattern recognition,
and adjustment rather than episodic learning cycles (Faraj et al. 2018). Organizations that excel at accumulating
expertise may struggle in Al-infused environments if they cannot translate insights into immediate action. Future
research should explore: What organizational structures enable continuous adaptivity rather than periodic learning
cycles (Eisenhardt 1989)? How do firms build adaptive capacity without sacrificing the stability required for opera-
tional effectiveness (Benner and Tushman 2003)? What governance mechanisms ensure adaptive systems remain
aligned with strategic intent? How do culture, leadership, and incentives sustain adaptivity (Samuel et al. 2023)
without creating organizational exhaustion or strategic drift (March 1991)?

Ecosystems become model-driven structures rather than purely modular architectures: Al introduces a new organ-
izing logic centered on FMs, data flows, and algorithmic interdependencies (Xu et al. 2025; Bommasani et al.
2021). In AI ecosystems, each participant’s interactions generate data that improves a shared FM, creating knowl-
edge spillovers that benefit all members including competitors (Khan et al. 2024; Jones and Tonetti 2020). This
shifts competitive advantage from resource ownership to learning speed and ecosystem position (Iansiti and
Lakhani 2020). Key questions: How do firms orchestrate multiactor learning systems (Hannah and Eisenhardt
2018)? What governance mechanisms align incentives when value creation depends on shared data and models
(Gawer and Cusumano 2014; Jacobides et al. 2019)? Future work should integrate ecosystem theory (Adner and
Kapoor 2010; Adner 2017) with research on open innovation (Chesbrough 2003; von Hippel 2005), standards com-
petition (Katz and Shapiro 1985), and collective intelligence (von Krogh et al. 2012).

Stakeholder theory becomes intertwined with data governance and algorithmic fairness: Al makes stakeholders the
primary source of critical inputs (data, feedback, content) while exposing them to algorithmic decisions affecting
their welfare (Freeman 1984; Freeman et al. 2007). This creates new challenges: How should firms balance value
appropriation with fair treatment of stakeholders who provide training data (Zuboff 2019)? What accountability
mechanisms ensure Al systems respect stakeholder interests (Diakopoulos 2016)? How do power asymmetries shift
when firms control algorithms mediating stakeholder interactions (Plantin et al. 2018)? Research should examine
questions of algorithmic justice (Mittelstadt et al. 2016; Barocas and Selbst 2016), data rights (Khatri and Brown
2010), and stakeholder voice in Al governance (Floridi et al. 2018).

SAP must recognize Al as a participant in strategizing: Al transforms strategizing by generating scenarios, recom-
mending actions, automating analyses, and reconfiguring workflows (Jarzabkowski and Spee 2009; Whittington
2006a). Key questions: How does Al change micro-level practices of strategizing (meetings, planning cycles, deci-
sion routines) (Jarzabkowski and Kaplan 2015)? What new forms of strategizing emerge when Al enables real-time
scenario analysis (Doshi et al. 2025)? How can practitioners navigate tensions between algorithmic recommenda-
tions and experiential judgment (Kahneman and Klein 2009)? Future work should employ ethnographic methods,
practice theory, and sociomateriality frameworks (Orlikowski 2007; Leonardi 2011; Orlikowski and Scott 2008).

These shifts redefine core constructs such as capability, resource, boundary, rivalry, and coordination (Teece 2018).

5.4. Implications for Methodologies

The integration of Al into strategic management research presents methodological complexities that extend beyond
the scope of this conceptual paper. Unlike traditional strategic phenomena where methodological approaches can
be relatively standardized, Al-infused strategy research requires context-specific designs that account for multiple
interacting factors. The appropriate methodology for studying AI’s strategic implications varies systematically
based on the theoretical domain under investigation, the nature and role of the Al system itself, the level of risk
associated with its deployment, and the organizational and industry context in which it operates. These factors
interact in ways that make it impractical to prescribe uniform methodological templates. Instead, researchers
must thoughtfully match methods to the specific characteristics of their empirical setting (Bhimani 2020; Christin
2020).
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We identify four primary dimensions that should guide methodological choices in Al-infused strategy research,
each requiring careful consideration when designing empirical studies. These dimensions can form the foundation
for future inquiry into appropriate research designs in this emerging domain:

Strategy domain: The theoretical area under study determines the level of analysis, temporal scale, and appropriate
causal inference strategies. For example, behavioral strategy studies examining cognitive effects would benefit from
experimental designs that isolate decision-making processes (Powell et al. 2011), while ecosystem research requires
network-level data and longitudinal observation of multiactor dynamics (Adner and Kapoor 2010).

Nature of Al engagement: The type of Al system (predictive analytics, generative models, computer vision,
robotics, agentic systems) and its organizational role shape data requirements and feasible research designs (Dwi-
vedi et al. 2021). For instance, predictive Al systems with clear outputs enable large quantitative studies and natural
experiments, whereas agentic multiagent systems with emergent behaviors require simulation modeling, fine-
grained process level data, and intensive case analyses (Klinger et al. 2020).

Level of risk: The potential for harm shapes ethical constraints on research design, ranging from permissible experi-
mentation to observation-only approaches (Floridi et al. 2018). Consider that low-risk consumer applications allow
field experiments and A/B testing, while human-critical systems (e.g., healthcare diagnosis, autonomous vehicles)
require quasi-experimental designs and participatory methods that prioritize stakeholder safety, and infrastructure-
critical systems (energy grids, financial networks) necessitate simulation-based approaches where live experimenta-
tion is not feasible.

Organizational and industry context: Organizational characteristics (size, structure, culture) and industry dynamics
(competitive intensity, regulatory regime, stakeholder power) affect data accessibility, identification strategies, and
generalizability (Bloom et al. 2019). Large established firms provide archival data suitable for multilevel quantitative
analysis, while startups require intensive case approaches. On the other hand, heavily regulated industries (healthcare,
finance) demand close collaboration with oversight bodies and emphasize observational designs, whereas fast-
moving technology sectors create natural experiments through continuous Al deployment (Cockburn et al. 2018).

These four dimensions interact to create a complex methodological landscape. A comprehensive treatment of how
researchers should navigate these trade-offs, including guidance on matching specific research designs to specific
configurations of domain, Al type, risk level, and context, represents a substantial undertaking that merits dedicated
development in future work. Our aim in this paper has been to establish the theoretical foundations for understand-
ing how Al transforms strategy. Translating these theoretical insights into rigorous empirical research requires
equally careful methodological development.

5.5. Implications for Managerial Practice

Building hybrid cognitive capabilities: Managers must develop competencies for leading organizations where cog-
nition is distributed between humans and Al (Raisch and Fomina 2025; Jarrahi 2018), which include cultivating
algorithmic literacy, fostering cultures balancing data-driven insights with experiential judgment (Samuel et al.
2023), designing governance mechanisms to clarify when humans should defer to or override algorithms (Glikson
and Woolley 2020), and investing in training for effective human-Al collaboration. Leaders must model construc-
tive collaboration and create norms to legitimize both algorithmic inputs and human intuition (Shrestha et al. 2019).

Orchestrating Al-enabled learning: Competitive advantage increasingly depends on learning velocity - the ability
to rapidly improve systems through data and experimentation (Iansiti and Lakhani 2020; Agarwal et al. 2022). This
requires mechanisms for continuous data collection and model retraining, organizational structures enabling rapid
experimentation (Eisenhardt 1989), metrics tracking learning progress and algorithmic performance, and cultures
rewarding learning from successes and failures (March 1991; Samuel et al. 2023). Managers must also navigate ten-

sions between protecting proprietary data and participating in open ecosystems accelerating collective learning
(Chesbrough 2003; Laursen and Salter 2006).

Designing governance mechanisms: Al ecosystems require new governance approaches addressing data sharing,
intellectual property, quality standards, value allocation, and conflict resolution (Gawer and Cusumano 2014; Con-
stantinides et al. 2018). Managers should proactively design governance mechanisms rather than allowing de facto
arrangements to emerge organically (Boudreau 2010).

Navigating ethical dilemmas: Al adoption confronts managers with pressing questions. How can we address algo-
rithmic bias and ensure fairness (Barocas and Selbst 2016; Mehrabi et al. 2021)? What transparency should we pro-
vide to different stakeholders (Diakopoulos 2016; Samuel 2024)? How do we manage job displacement and
workforce transitions (Bessen et al. 2025; Brynjolfsson and McAfee 2014)? Where should we set boundaries
around surveillance and privacy (Zuboff 2019)? What is our responsibility for our impacts on society (Floridi et al.
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2018)? Managers must decide whether to establish ethics committees, conduct impact assessments, invest in bias
detection, develop explainability practices, and support workforce reskilling. They must consider a fundamental
question: Is our role simply to comply with regulations, or should we proactively shape Al development in socially
responsible directions?

Anticipating competitive shifts: Al may fundamentally alter competitive dynamics (Christensen et al. 2015; Iansiti and
Lakhani 2020). Managers must determine the answers to the following questions. How will Al reshape customer pref-
erences and switching behaviors? Will Al lower entry barriers for new competitors (Bresnahan and Greenstein 1999)?
Will AI commoditize our capabilities (Brynjolfsson and McAfee 2014)? How will Al affect economies of scale, scope,
and firm boundaries (Williamson 1985)? Under different scenarios, how might industry structure evolve? What early
warning signals should we monitor to anticipate rather than react to disruption (Christensen 1997)?

Building organizational resilience: Al introduces new uncertainties demanding resilience. Managers must decide.
How much slack should we maintain for experimentation and failure recovery (March 1991)? How can we balance
risky Al investments with stable core businesses (Benner and Tushman 2003)? What rapid response capabilities do
we need for algorithmic failures? How can we foster cultures treating failure as learning (Levinthal and March 1993)?

Ultimately, Al strategy should be integrated into core strategic planning, not siloed within IT departments (Ransbo-
tham et al. 2017). Managers who successfully navigate these challenges will position their organizations to thrive in
an Al-infused competitive landscape. Those who treat Al as merely another technology risk strategic obsolescence.

5.6. Final Synthesis

Al challenges strategic management to rethink its foundational assumptions. Just as industrial organization econom-
ics, resource-centric perspectives, and behavioral theories transformed strategy over prior decades, Al represents the
next major theoretical frontier. It introduces new actors (algorithmic agents), new resources (data and models), new
forms of competition (learning races), and new organizing logics (interconnected network orchestration).

By analyzing five influential strategy theories, articulating a comprehensive theory of agentic Al, and proposing a
wide-ranging empirical agenda, this paper seeks to provide a foundation for the next generation of strategy research.
The field now has an opportunity to integrate insights from behavioral science, computer science, organizational
theory, and ethics to build richer explanations of strategic edge in an Al-infused world.

The central message of this paper is clear: Al does not merely necessitate changes to the practice of strategy; it com-
pels changes to the theory of strategy. The challenge ahead is to empirically test, refine, and extend the ideas out-
lined here so that the discipline can continue to offer rigorous, relevant insights in an era where intelligence, human
and artificial, is at the core of strategic competition.
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