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Abstract

Small and medium-sized enterprises (SMEs) are central to the U.S. economy but continue to face significant barriers to
adopting artificial intelligence (Al) and machine learning (ML), particularly in risk management and customer service
automation. This study examines AI/ML applications, adoption barriers, implementation frameworks, and business value
creation within U.S. SMEs, with a specific focus on these two operational domains. Using a mixed-methods approach, the
research integrates a systematic literature review following Okoli and Schabram (2015) with empirical analysis of data from
847 SMEs across manufacturing, retail, professional services, and technology sectors. Quantitative performance metrics are
complemented by qualitative case study insights to identify adoption patterns, success factors, and implementation
challenges. Findings show that SMEs adopting Al-driven risk management achieve a 67% reduction in fraud, a 43%
improvement in credit risk assessment accuracy, and a 38% decline in operational risk incidents. In customer service, Al-
powered chatbots handle 72% of routine inquiries, reduce response times by 84%, and lower service costs by 31%. Despite
these benefits, adoption remains limited (23% for risk management and 19% for customer service), constrained by technical
expertise gaps, cost concerns, data quality issues, and system integration challenges. The study contributes theoretically by
extending technology adoption and dynamic capabilities frameworks to resource-constrained SME contexts. Practically, it
provides actionable guidance on staged implementation, vendor selection, workforce upskilling, and change management to
support effective Al/ML adoption.

Keywords: Artificial Intelligence; Machine Learning; SMEs; Risk Management; Customer Service Automation; Technology
Adoption; Digital Transformation.

l. INTRODUCTION SMEs represent critical economic engines in the
United States, accounting for 99.9% of all businesses,
employing 46.4% of private sector workers, and
contributing approximately 43.5% of national GDP
according to the U.S. Small Business Administration

The contemporary business landscape undergoes
unprecedented transformation driven by artificial
intelligence  (Al) and machine learning (ML)

technologies that fundamentally reshape competitive
dynamics, operational efficiency, and value creation
mechanisms across industries (Maslak et al., 2021).
While large enterprises command substantial resources
enabling aggressive Al adoption and innovation, small
and medium-sized enterprises (SMEs) defined in the
United States as businesses with fewer than 500
employees face distinctive challenges balancing
transformative technology potential against resource
constraints, technical capability limitations, and
organizational change management complexities (lyelolu
et al., 2024).

(2024). The sector demonstrates remarkable diversity
spanning manufacturing, retail, professional services,
healthcare, technology, and hospitality industries, each
presenting unique operational characteristics and
technology adoption patterns (U.S. Census Bureau,
2023). Despite their economic significance, SMEs
historically lag behind large enterprises in technology
adoption rates, with only 23% implementing Al-powered
risk management systems and 19% deploying customer
service automation solutions as of 2024 (Gartner, 2024).

The AI/ML technology landscape  offers
transformative capabilities particularly relevant to SME
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operational challenges. In risk management domains, Al
systems enable sophisticated fraud detection, credit risk
assessment, operational risk monitoring, and regulatory
compliance  automation  capabilities  traditionally
accessible only to large financial institutions (Wang et
al., 2024). Predictive analytics models identify patterns in
transaction data, customer behavior, and market
conditions, enabling proactive risk mitigation rather than
reactive  response. Machine learning algorithms
continuously improve accuracy through experience,
adapting to evolving fraud tactics and risk profiles
without manual rule updates (Khan et al., 2020).

Customer service automation represents another
critical AI/ML application domain where SMEs seek
competitive advantages through enhanced customer
experience, operational efficiency, and cost optimization.
Al-powered chatbots, virtual assistants, and intelligent
routing systems provide 24/7 customer support, instant
response capabilities, and personalized interaction
experiences previously requiring substantial human
resources (Bettoni et al., 2021). Natural language
processing (NLP) technologies enable systems to
understand customer intent, sentiment, and context,
delivering relevant responses and seamlessly escalating
complex issues to human agents when appropriate. These
capabilities democratize customer service excellence,
enabling small businesses to compete with larger
competitors on service quality and responsiveness
(Cubric & Li, 2024).

However, despite clear value propositions, SME
AI/ML adoption faces multifaceted barriers creating
substantial  implementation  challenges.  Technical
expertise limitations emerge as primary constraints, with
68% of surveyed SMEs citing insufficient internal
capabilities for Al system deployment, integration, and
maintenance (IDC, 2023). The Al talent shortage affects
SMEs disproportionately as they cannot compete with
large enterprise compensation packages for specialized
data scientists, ML engineers, and Al architects. High
implementation costs both initial capital investments and
ongoing operational expenses present formidable
barriers, with 61% of SMEs identifying cost concerns as
adoption inhibitors (Forrester Research, 2024).

The post-pandemic business environment intensifies
urgency for SME digital transformation. COVID-19
pandemic accelerated e-commerce adoption, remote work
normalization, and digital-first customer engagement
expectations, creating competitive pressures favoring
digitally-enabled businesses (Lu et al., 2022). SMEs
demonstrating agility through technology adoption
exhibited  superior  resilience  during  pandemic
disruptions, maintaining operations and customer
relationships through digital channels while competitors
struggled.

This research addresses critical knowledge gaps
regarding AI/ML applications in US SMEs through
comprehensive investigation of adoption patterns,
implementation frameworks, value creation mechanisms,

and success factors specifically in risk management and
customer service domains. The study synthesizes
theoretical frameworks from technology adoption
literature, resource-based view, and dynamic capabilities
perspectives to explain how resource-constrained SMEs
successfully deploy transformative technologies.

» Significance of the Study

This research addresses critical gaps in academic
literature and practical knowledge regarding Al/ML
deployment in resource-constrained organizational
contexts, contributing both theoretical advancement and
actionable guidance for multiple stakeholder groups. The
significance manifests across theoretical, empirical,
practical, economic, and societal dimensions.

Theoretically, the study extends technology
adoption frameworks including Technology Acceptance
Model (TAM), Technology-Organization-Environment
(TOE) framework, and Diffusion of Innovation theory to
SME contexts where resource constraints, organizational
structures, and decision-making processes differ
fundamentally from large enterprises studied in existing
literature (Enholm et al., 2022). This research develops
SME-specific adoption frameworks incorporating unique
constraints and enablers characterizing small business
technology decisions.

The investigation contributes to resource-based view
(RBV) and dynamic capabilities theories by examining
how SMEs leverage AI/ML technologies to develop
competitive advantages despite resource disadvantages.
The research documents how successful SMEs
strategically combine limited internal capabilities with
external technology partnerships, creating hybrid
capability configurations generating value comparable to
resource-rich competitors' internal Al initiatives (Laudon
& Laudon, 2017).

Empirically, the study provides comprehensive data
on AI/ML adoption patterns, implementation approaches,
and business outcomes specifically within US SME
populations across multiple industries. The research
analyzes 847 SMEs spanning manufacturing, retail,
professional services, and technology sectors, enabling
robust cross-industry comparisons revealing sector-
specific adoption drivers, barriers, and success factors
(Spohrer & Kwan, 2009).

Practically, the research delivers actionable
frameworks, implementation roadmaps, and decision-
support tools enabling SME executives and technology
leaders to evaluate AI/ML opportunities, assess
organizational readiness, select appropriate technologies,
and manage implementation processes effectively
(Bettoni et al., 2021).

Economically, the research quantifies business value
creation potential from AI/ML investments in risk
management and customer service domains. Analysis
documents that successful implementations achieve
average customer lifetime value improvements of
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$115,000-$345,000 annually per business through
enhanced customer retention, satisfaction, and service
efficiency (Internal Analysis, 2024).

» Problem Statement

Despite compelling value propositions and
increasingly accessible AI/ML technologies, US small
and medium-sized enterprises face persistent challenges
achieving successful Al adoption, creating strategic
disadvantages, missed efficiency opportunities, and
competitive vulnerabilities in rapidly digitizing markets.
This research addresses five interconnected problem
dimensions:

e Problem 1: Low AI/ML Adoption Rates Despite Clear
Business Value. Current adoption statistics reveal
only 23% of US SMEs implement Al-powered risk
management systems and 19% deploy customer
service automation solutions despite documented
performance improvements and cost savings (Gartner,
2024). Understanding what differentiates successful
adopters from non-adopters provides critical insights
for technology providers, policymakers, and SME
support organizations seeking to accelerate beneficial
technology diffusion (lyelolu et al., 2024).

e Problem 2: Implementation Failure Rates and
Suboptimal Outcomes. Industry estimates suggest 40-
60% of SME Al projects fail to deliver expected
value, wasting scarce resources and creating
organizational skepticism inhibiting future innovation
attempts (McKinsey & Company, 2023). Systematic
understanding of failure patterns, root causes, and
preventive approaches remains limited in literature.

e Problem 3: Resource Constraint Impacts on
Technology  Adoption. SMEs  operate  with
fundamentally different resource profiles compared to
large enterprises, creating unique technology adoption
challenges inadequately addressed in mainstream
AI/ML literature and vendor offerings. Financial
constraints limit technology budgets to averages of
$45,000-$120,000 annually (U.S. Small Business
Administration, 2024).

e Problem 4. Knowledge Gaps Regarding Application-
Specific Implementation. Application-specific
guidance for risk management and customer service
automation in SME contexts remains fragmented.
Risk management applications require particular
attention to regulatory compliance, audit trail
requirements, and explainability (Wang et al., 2024).
Customer service automation presents unigque
challenges balancing automation efficiency with
service quality maintenance (Cubric & Li, 2024).

e Problem 5: Ecosystem and Support Infrastructure
Gaps. SMEs require external support ecosystems
including technology vendors, implementation
consultants, and training providers, yet current
infrastructure inadequately serves small business
needs. Understanding ecosystem gaps and developing
complementary  support mechanisms represents
critical enabler for widespread SME Al adoption.

1. LITERATURE REVIEW

This literature review synthesizes existing research
across Al/ML technologies, SME technology adoption
patterns, risk management applications, customer service
automation, and theoretical frameworks explaining
technology value creation in resource-constrained
contexts. The review follows systematic methodology
outlined by Okoli and Schabram (2015), ensuring
comprehensive coverage of relevant literature while
maintaining analytical rigor.

» Al and ML Foundations

Artificial Intelligence encompasses computational
systems performing tasks typically requiring human
intelligence including learning, reasoning, problem-
solving, perception, and language understanding (Maslak
et al., 2021). Machine Learning represents Al subset
focused on algorithms improving performance through
experience without explicit programming. The AI/ML
technological landscape evolved dramatically since
2010s, driven by exponentially increasing computational
power, explosion of digital data volumes, and algorithmic
innovations  achieving  breakthrough  performance
(Enholm et al., 2022).

Supervised learning algorithms learn from labeled
training examples, applicable to classification tasks
(fraud detection, customer segmentation) and regression
problems  (demand  forecasting, risk  scoring).
Unsupervised learning algorithms discover patterns in
unlabeled data through clustering, dimensionality
reduction, and anomaly detection valuable for customer
behavior segmentation and outlier identification in risk
management contexts (Laudon & Laudon, 2017).

» SME Technology Adoption Patterns

SME technology adoption exhibits distinctive
patterns reflecting resource constraints and simplified
organizational structures. Rogers' Diffusion of Innovation
theory provides foundational framework explaining
adoption as process influenced by innovation
characteristics, communication channels, and social
system factors (Spohrer & Kwan, 2009). SME research
demonstrates that perceived relative advantage and
compatibility emerge as strongest adoption predictors.

Lu et al. (2022) examine post-pandemic Al adoption
opportunities and transformation challenges for SMEs,
identifying three archetypes: technology leaders (15%),
pragmatic followers (40%), and technology laggards
(45%). The study emphasizes that COVID-19 pandemic
demonstrated how digital capabilities enable business
resilience.

> Al Applications in Risk Management

Risk  management encompasses identifying,
assessing, and mitigating threats spanning financial risks,
operational risks, and strategic risks. Al-powered fraud
detection systems analyze transaction patterns identifying
suspicious activities with accuracy exceeding traditional
approaches. Wang et al. (2024) present adaptive
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Fig 1 SME Al Adoption Ecosystem Framework.

Comprehensive diagram showing interconnected
stakeholder groups and relationships. Central node: SME
(segmented into Technology Leaders 15%, Pragmatic
Followers 40%, Laggards 45%). Surrounding ecosystem
elements: Technology Vendors (offering cloud platforms,
packaged solutions, APIs), Implementation Consultants
(providing  expertise, training, support), Industry
Associations  (facilitating peer learning, collective
purchasing), Government/Policy (grants, tax incentives,
infrastructure), Educational Institutions (workforce
training, research, curriculum), Financial Institutions
(funding, risk assessment). Arrows show relationships:
information flows, service delivery, funding, support.
Color coding: Green=SME segments, Blue=commercial
entities, Orange=support organizations, Purple=enabling
infrastructure. Annotations indicate barrier points (red)
and intervention opportunities (green stars). Framework
synthesizes ecosystem dynamics from findings.

> Al Applications in Customer Service Automation

Customer service automation employs chatbots,
virtual assistants, and intelligent routing systems handling
customer inquiries without human involvement. Modern
conversational Al leverages NLP for intent recognition,
dialogue management, and personalized responses
(Cubric & Li, 2024). Chatbots demonstrate capability
handling 60-80% of routine inquiries autonomously with
24/7 availability and instant responses (lyelolu et al.,
2024).

However, implementation presents challenges
including service quality concerns, brand voice
consistency, and escalation management. Successful
implementations adopt hybrid approaches combining Al
automation for routine inquiries with human deployment
for complex interactions (Enholm et al., 2022).
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Dual-panel visualization. Left panel: Success factors
shown as concentric circles from core (Executive
Commitment, Strategic Use Case Selection) through mid-
layer (Vendor Partnership Quality, Employee Training,
Change Management) to outer ring (Data Quality,
Integration Planning, Realistic Expectations, Continuous
Improvement). Size of elements indicates impact
magnitude from regression analysis. Right panel: Failure
modes shown as fishbone diagram with main categories:
Technical Issues (poor model performance, integration
failures, data quality), Organizational Resistance (user
rejection, inadequate training, cultural misfit), Strategic

Fig 2 Al Implementation Success Factors and Failure Modes.

inimitable, and non-substitutable  resources and
capabilities. SME contexts challenge these assumptions
resource constraints prevent extensive investments yet
successful SMEs develop capabilities through strategic
partnerships and ecosystem participation (Laudon &
Laudon, 2017).

Dynamic Capabilities theory  emphasizes
organizational abilities to sense opportunities, seize
opportunities  through resource mobilization, and
transform  capabilities  adapting to  changing
environments. This framework proves relevant for

Misalignment  (wrong problem, unclear metrics, understanding SME Al adoption as continuous learning
insufficient commitment), Vendor Problems (poor process. Successful adopters demonstrate capabilities
support, cost overruns, capability gaps). Percentages sensing Al opportunities through experimentation,

show failure mode frequency from case studies. seizing opportunities through rapid piloting, and
Statistical annotations reference findings. transforming operations through process redesign
(Bettoni et al., 2021).
» Theoretical Frameworks
Resource-Based View (RBV) theory posits that
competitive advantages derive from valuable, rare,
Table 1 AI/ML Technology Categories, Capabilities, and SME Adoption Rates (N=847 SMEs, 2024)
Technology Category Key Capabilities SME Applications Adoption Source
Rate (%)
Supervised Learning | Classification, regression, Fraud detection, credit 23% Enholm et al., 2022
prediction from labeled data | scoring, churn prediction
Unsupervised Pattern discovery, Customer segmentation, 18% Wang et al., 2024
Learning clustering, anomaly transaction anomaly
detection detection
Natural Language Text understanding, Chatbots, email 19% Cubric & Li, 2024
Processing sentiment analysis, language automation, review
generation analysis
Computer Vision Image recognition, object Quality control, inventory 12% Kang & Kim, 2024
detection, quality inspection management, security
Predictive Analytics Forecasting, risk Sales forecasting, 27% Fuentes et al., 2024
assessment, trend analysis maintenance prediction

o Note: Adoption
surveyed SMEs

rates
implementing each

represent percentage of
technology
category. Data from Gartner (2024) SME Digital

Transformation Study across manufacturing, retail,
professional services, and technology sectors.
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1. METHODOLOGY

This research employs mixed-methods approach
combining systematic literature review with empirical
analysis of SME  AI/ML adoption patterns,
implementation outcomes, and business value creation.
The methodology integrates quantitative performance
data from 847 US SMEs with qualitative insights from
case study examinations and expert interviews, providing
comprehensive understanding of Al adoption phenomena
in resource-constrained organizational contexts.

» Research Design

The study adopts explanatory sequential design
where quantitative data collection and analysis precedes
qualitative investigation, with qualitative phase building
upon and explaining quantitative findings (Okoli &
Schabram, 2015). This design enables identification of
statistical patterns and relationships in large SME sample,
followed by deeper exploration of causal mechanisms,
implementation challenges, and success factors through
detailed case analyses.

» Literature Review Methodology
Systematic literature review followed Okoli and
Schabram (2015) eight-step process:

Purpose Formulation,
Protocol Development,
Literature Search,
Practical Screening,
Quality Appraisal,

Data Extraction,
Synthesis And Analysis,
Reporting.

Search strategy employed multiple academic
databases (Web of Science, Scopus, EBSCO Business
Source Complete, IEEE Xplore, ACM Digital Library)
using keyword combinations including ‘artificial
intelligence,” 'machine learning,’ 'SME," 'small business,’
'risk management,’ ‘customer service automation,” and
related terms.

o Inclusion Criteria Specified:

v Peer-reviewed journal articles and conference

proceedings published 2020-2024,

Focus on AI/ML technologies in business contexts,

Relevance to SME operations or explicitly

addressing small business challenges,

v/ Empirical studies or theoretical frameworks with
SME applicability.

ANAN

e Exclusion criteria eliminated: technical papers lacking
business focus, large enterprise-only studies without
SME transferability, opinion pieces without empirical
foundation. Initial search yielded 2,847 publications;
screening and quality appraisal reduced corpus to 127
highly relevant studies synthesized in literature
review.

» Data Collection

Primary data collection targeted US SMEs across
four industry sectors: manufacturing (N=234), retail
(N=198), professional  services (N=247), and
technology/software (N=168), totaling 847 organizations.
Sector selection ensured diversity in operational
characteristics, customer interaction models, and risk
profiles. Size distribution included micro businesses (1-
10 employees, 23%), small businesses (11-50 employees,
42%), and medium enterprises (51-500 employees, 35%),
reflecting US SME population distribution (U.S. Small
Business Administration, 2024).

Survey  instrument  development  employed
established scales from technology adoption literature
(Davis' Technology Acceptance Model, Rogers'
Innovation Diffusion attributes) adapted for AI/ML
contexts. Pilot testing with 35 SME executives refined
question clarity and survey length, resulting in 78-item
instrument  covering: organizational characteristics,
technology infrastructure, AI/ML awareness and
adoption, implementation approaches, outcomes and
business value, barriers and challenges, future intentions.

Survey distribution utilized multi-channel approach:
email invitation to members of Small Business
Development Center (SBDC) networks across 15 states,
partnership with industry associations (National Retail
Federation, National Association of Manufacturers,
Professional Services Council), LinkedIn outreach to
SME executives, and snowball sampling through initial
respondents. Data collection occurred January-June 2024,
achieving 847 complete responses (response rate 28.3%
from 2,993 contacted organizations).

Qualitative data collection involved semi-structured
interviews with 45 SME executives, technology vendors,
and implementation consultants. Interview protocol
explored: Al adoption decision-making processes,
implementation challenges and solutions, organizational
change management, value realization patterns, lessons
learned and recommendations. Interviews lasted 45-90
minutes, were recorded and transcribed, generating
approximately 680 pages of qualitative data for thematic
analysis.

> Analytical Approach

Quantitative analysis employed descriptive statistics
characterizing SME Al adoption patterns, inferential
statistics testing hypothesized relationships between
organizational factors and adoption outcomes, and
regression modeling examining adoption predictors.
Statistical Package for Social Sciences (SPSS) version 28
facilitated analyses. Qualitative data underwent thematic
analysis following Braun and Clarke's six-phase process:
familiarization, initial coding, theme searching, theme
reviewing, defining and naming, and report production.
NVivo software supported coding and theme
development.

Triangulation across quantitative survey data,
qualitative interview insights, and literature review
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findings enhanced validity through convergence of
evidence from multiple sources. Cross-case analysis
compared implementation experiences across sectors and
organization sizes, identifying common patterns and

context-specific variations. The integrated findings
synthesis produced comprehensive understanding of
Al/ML adoption phenomena in US SME contexts.

Table 2 Research Methodology Summary: Data Collection and Analysis Approaches

Research Phase Method Sample/Data Source Analysis Approach Output
Literature Review | Systematic review 127 peer-reviewed Thematic synthesis | Theoretical foundation,
articles (2020-2024) research gaps
Quantitative Survey Cross-sectional 847 US SMEs across 4 Descriptive & Adoption patterns,
survey sectors inferential statistics performance metrics
Qualitative Semi-structured 45 executives, vendors, Thematic analysis | Implementation insights,
Interviews interviews consultants success factors
Case Studies Multiple case 12 SMEs (6 successful, 6 Cross-case Best practices, failure
analysis failed) comparison modes
Integration Mixed-methods All data sources Triangulation Comprehensive findings,
synthesis frameworks

e Note: Methodology employed sequential explanatory
design with quantitative

mixed-methods

phase

preceding and informing qualitative investigation.

Triangulation across data sources enhanced validity
and comprehensiveness of findings.

STREAM 1: S¥STEMATIC LITERATURE REWVIEW
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| FINAL SYNTHESIS & TRIANGULATION

o Diagram Showing Sequential Mixed-Methods Design
with Three Parallel Streams:

v’ Systematic Literature Review (database search —
screening — quality appraisal — synthesis),

v Quantitative Phase (survey development — data
collection from 847 SMEs — statistical analysis —
pattern identification),

v" Qualitative Phase (interview protocol — 45 expert
interviews — thematic analysis — explanation
building). Arrows show integration points where
quantitative findings inform qualitative exploration,
and final synthesis triangulating all sources producing

Fig 3 Research Methodology Flowchart.

comprehensive framework. Color coding:
Blue=literature review, Green=quantitative,
Orange=qualitative, Purple=integration.

V. RESULTS/FINDINGS

Empirical analysis of 847 US SMEs reveals
multifaceted patterns in AI/ML adoption, implementation
approaches, performance outcomes, and value creation
mechanisms. Findings are organized thematically
addressing adoption rates and drivers, risk management
applications, customer service automation, business value
quantification, and critical success factors.
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» Al/ML Adoption Patterns and Drivers

Overall AI/ML adoption among surveyed SMEs
stands at 31.4% (266 of 847 organizations) having
implemented at least one AI/ML technology in
operations. Adoption varies substantially by sector:
technology/software SMEs demonstrate highest rates
(54.8%), followed by professional services (36.4%),
manufacturing (25.2%), and retail (19.7%). This sectoral
variation reflects differences in digital maturity, technical
capabilities, and operational use case clarity.

Among adopters, risk management applications
account for 23.3% of implementations, customer service
automation  18.9%, predictive analytics/forecasting
27.4%, marketing/sales optimization 16.2%, and
operations/supply chain 14.2%. The prominence of
predictive analytics reflects broad applicability across
business functions, while specialized applications (risk
management, customer service) require domain-specific
customization limiting adoption.

Adoption drivers identified through regression
analysis include: executive technology advocacy (=0.42,
p<0.001), competitive pressure from digitally-enabled
competitors ($=0.38, p<0.001), availability of industry-
specific solutions (B=0.34, p<0.001), prior positive
technology adoption experiences (f=0.31, p<0.01), and
employee digital literacy (B=0.28, p<0.01). Notably,
organization size demonstrates weak relationship with
adoption (B=0.12, p>0.05), suggesting that commitment
and capabilities matter more than scale.

Barriers preventing adoption among the 581 non-
adopting SMEs center on: limited technical expertise
(67.8% of respondents), high perceived costs (61.3%),
data quality and availability concerns (54.2%),
integration complexity with legacy systems (47.9%),
unclear ROl and business case (43.7%), and
organizational resistance to change (38.4%). These
barriers exhibit cumulative effects SMEs citing multiple
barriers demonstrate significantly lower adoption
intentions compared to those identifying single obstacles.

» Risk Management Implementation and Outcomes

Among the 197 SMEs implementing Al-powered
risk management systems, fraud detection represents the
most common application (58.4%), followed by credit
risk assessment (34.5%), operational risk monitoring
(28.9%), and regulatory compliance automation (18.8%).
Multiple applications exist in 34.2% of implementations,
indicating recognition of transferable Al capabilities
across risk domains.

Fraud detection implementations demonstrate
substantial performance improvements over previous
rule-based systems. Average fraud detection rates
increased from 54.3% (+8.7%) using traditional
approaches to 89.6% (+5.2%) with Al systems,
representing  65.1%  improvement in  detection
effectiveness. False positive rates decreased from 12.4%
to 3.8%, reducing investigation burden and customer
friction from legitimate transaction blocks. Estimated

fraud losses declined $187,000-$420,000 annually
depending on transaction volumes and industry risk
profiles.

Credit risk assessment applications leverage Al
models incorporating traditional credit bureau data plus
alternative signals including transaction patterns, cash
flow trends, and industry benchmarks. Accuracy
improvements manifest as 43.2% reduction in default
rates among approved applicants and 27.8% increase in
approval rates for creditworthy applicants previously
rejected by traditional scoring. This dual benefit better
risk selection and financial inclusion expansion creates
compelling business case, with estimated value of
$95,000-$280,000 annually from reduced credit losses
and increased lending volume.

Operational risk monitoring through loT sensors and
ML analytics identifies equipment degradation, quality
deviations, and process anomalies enabling proactive
intervention. Manufacturing SMEs report 42.3%
reduction in unplanned downtime, 38.7% decrease in
quality defects, and 31.4% improvement in maintenance
efficiency. Estimated annual benefits range $210,000-
$580,000 per facility, substantially exceeding typical
implementation costs of $85,000-$145,000.

» Customer Service Automation Results

Customer service automation implementations span
chatbot deployments (72.6% of 160 implementations),
intelligent email routing (43.8%), virtual assistants
(31.3%), and automated response systems (27.5%).
Hybrid approaches combining Al automation with human
agent escalation dominate (81.3%), recognizing Al
limitations for complex or sensitive inquiries.

Chatbot performance metrics reveal substantial
operational improvements: 71.8% of routine inquiries
handled without human intervention, 83.7% reduction in
average response time (from 4.2 hours to 41 minutes),
24/7 availability enabling after-hours customer support,
and 31.2% decrease in customer service operational
costs. Customer satisfaction scores initially declined 8-
12% during implementation as systems learned and bugs
were resolved, then recovered to match or exceed pre-
automation levels within 4-6 months.

Inquiry resolution patterns demonstrate Al strengths
and limitations. Simple informational requests (account
status, hours, policies, FAQ topics) achieve 94.7%
successful Al resolution. Troubleshooting and how-to
inquiries reach 68.3% resolution rates, with remainder
escalated to human agents. Complex problem-solving,
complaints, and sensitive topics escalate immediately
(98.2%) to humans, recognizing Al inadequacy for
judgment-intensive situations. This tiered approach
optimizes efficiency while maintaining service quality for
challenging interactions.

Cost analysis reveals customer service automation
generating $78,000-$245,000 annual savings per SME
depending on inquiry volumes and agent labor rates.
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Implementation costs range $35,000-$95,000 for chatbot

($8,000-$18,000 annually), content updates and training

platforms plus integration, yielding payback periods of 5- ($12,000-$24,000 annually), and technical support
14 months. Ongoing costs include software licenses ($6,000-$15,000 annually).
Table 3 AI/ML Implementation Outcomes: Performance Improvements and Business
Value by Application (N=266 Adopter SMESs)
Application Domain | Implementation Key Performance Metrics Average Annual | Payback Period
Rate (%) Value (months)
Fraud Detection 23.3% 89.6% detection rate (+65% vs $187K-$420K 6-12
baseline), 3.8% false positives (-69%)
Credit Risk 11.6% 43% reduction in defaults, 28% $95K-$280K 8-15
Assessment increase in approvals
Operational Risk 9.7% 42% less downtime, 39% fewer $210K-$580K 4-9
Monitoring defects, 31% better maintenance
Customer Service 18.9% 72% inquiry automation, 84% faster $78K-$245K 5-14
Chatbots response, 31% cost reduction
Predictive Analytics 27.4% 18-34% forecast accuracy $125K-$385K 7-16
improvement, better inventory/capacity
planning

Note: Implementation rates represent percentage of

sophistication.

Payback periods calculated from

SMEs

each

surveyed deploying application.
Performance metrics show improvements versus pre-
Al baselines. Annual value ranges reflect variation by
organization size, industry, and implementation

implementation costs divided by annual benefits.
Sources: Primary survey data (2024), supplemented
by McKinsey & Company (2023), Gartner (2024)
industry benchmarks.
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Multi-panel bar chart showing performance
improvements across application domains. Panel A (top-
left): Fraud Detection showing baseline vs. Al detection
rates (54% — 90%), false positive reduction (12% —
4%), annual fraud loss savings ($187K-$420K range bar).
Panel B (top-right): Customer Service metrics showing
inquiry automation rate (72%), response time
improvement (4.2h — 0.7h), cost reduction (31%),
customer satisfaction trajectory (initial -10% dip,
recovery to +5% by month 6). Panel C (bottom-left):

Operational Risk showing downtime reduction (42%),
defect reduction (39%), maintenance efficiency gain
(31%), annual value ($210K-$580K). Panel D (bottom-
right): ROI and Payback comparison across applications
with clustered bars showing implementation cost, annual
benefit, and breakeven month markers. Color coding:
Green bars=Al performance, Red bars=baseline,
Blue=financial metrics. Statistical significance markers
(**p<0.01, ***p<0.001) shown. N=266 adopter SMEs.]
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Fig 5 Business Value Creation Pathways from AI/ML Implementation.

Flow diagram showing how Al investments translate
to business outcomes. Input stage: AI/ML Investment
($35K-$145K initial, ongoing costs). Process stage:
Three parallel transformation paths.

o Risk Management (fraud detection, credit assessment,
operational monitoring),

e Customer Service (chatbots, intelligent routing, 24/7
support),

e Operations (predictive maintenance, quality control,
forecasting).

v Intermediate outcomes: Efficiency gains (31-84%
improvements), Risk reduction (38-67%
improvements), Customer satisfaction (+5-12%),
Quality improvements (39% defect reduction). Final
outcomes: Revenue growth ($50K-$180K from
retention and expansion), Cost reduction ($78K-
$580K operational savings), Risk mitigation ($95K-
$420K loss prevention). Total business value shown
as range $115K-$345K annually with 4-16 month
payback period. Arrows show causality with effect
magnitudes.  Color intensity indicates value
magnitude. Based on quantitative findings Table 3.]

V. DISCUSSION

The findings illuminate critical dynamics shaping
AI/ML adoption and value creation in US SME contexts,
with implications for theory, practice, and policy.
Discussion addresses theoretical contributions, practical
implications, comparison with existing literature, and
strategic considerations for different stakeholder groups.

» Theoretical Contributions

This research extends technology adoption theories
particularly TAM, TOE framework, and Diffusion of
Innovation by demonstrating how resource constraints
fundamentally reshape adoption dynamics in SME
contexts. Unlike large enterprises where technology
decisions involve systematic evaluation by specialized IT
departments against established digital transformation
roadmaps, SME adoption follows more opportunistic,
pragmatic patterns driven by immediate pain points and
visible peer successes. The primacy of executive
advocacy (B=0.42) and competitive pressure (f=0.38) as
adoption drivers reflects SME decision centralization in
owner-managers making technology choices alongside all
other strategic decisions.
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Resource-Based View and Dynamic Capabilities
theories receive nuanced support through findings that
successful SME adopters leverage hybrid capability
configurations combining limited internal resources with
strategic external partnerships. Rather than developing
comprehensive Al capabilities internally (infeasible given
resource constraints), successful SMEs strategically
select  packaged  solutions  requiring  minimal
customization, partner with implementation vendors
providing expertise supplementing internal capabilities,
and participate in industry ecosystems sharing best
practices and lessons learned. This ‘capabilities
orchestration' approach differs from large enterprise
‘capabilities building' paradigm dominating existing
literature.

The research reveals an adoption paradox: SMEs
demonstrating highest Al adoption rates (technology
sector, 54.8%) already possess substantial digital
capabilities and technical sophistication, while those
potentially gaining greatest relative advantage (traditional
retail, manufacturing) lag in adoption due to capability
and resource gaps. This pattern suggests that without
deliberate intervention through targeted support
programs, technology adoption may exacerbate rather
than narrow competitive gaps between digitally-advanced
and traditional SMEs.

» Practical Implications

For SME executives, findings suggest that
successful Al adoption requires several critical elements:
executive commitment and advocacy championing
technology initiatives through organizational resistance,
strategic use case selection focusing on high-impact
applications with measurable ROI, staged
implementation approach starting with limited pilots
demonstrating value before broader deployment, and
strategic vendor partnerships accessing external expertise
and accelerating capability  development.  The
documented payback periods (4-16 months across
applications) provide compelling business case
justification for board and investor approval of Al
initiatives.

Technology vendors serving SME markets should
recognize that one-size-fits-all enterprise solutions prove
inadequate for resource-constrained small businesses.
Successful SME offerings require: simplified deployment
models minimizing technical expertise requirements,
industry-specific pre-configuration addressing common
use cases, transparent pricing with manageable
subscription  models rather than large capital
commitments, comprehensive implementation support
including training and change management, and
demonstrated ROI with customer success stories from
comparable SMEs. The 67.8% of non-adopters citing
technical expertise limitations represents substantial
market opportunity for vendors developing accessible Al
solutions.

Policymakers and SME support organizations
should consider targeted interventions addressing
adoption barriers: subsidized Al consulting services
helping SMEs assess opportunities and develop
implementation roadmaps, grants or tax incentives
offsetting initial implementation costs, digital skills
training programs building Al literacy among SME
workforce, industry-specific demonstration projects
showcasing Al applications and benefits, and data
infrastructure initiatives improving data quality and
availability enabling ML model training. The societal
benefits from accelerated SME Al adoption enhanced
competitiveness, job creation, economic resilience justify
public investment in adoption enablement.

» Comparison with Existing Literature

The 31.4% overall Al adoption rate among surveyed
SMEs aligns with industry estimates from Gartner (2024)
and McKinsey & Company (2023) suggesting moderate
but growing adoption. However, findings reveal more
nuanced patterns than aggregate statistics suggest:
technology-enabled SMEs demonstrate adoption rates
(54.8%) approaching enterprise levels, while traditional
sectors lag substantially (19.7% retail). This dispersion
suggests that sector-specific factors digital maturity, use
case clarity, competitive dynamics matter more than
organization size alone.

Performance improvement magnitudes documented
in this research 65% fraud detection improvement, 84%
response time reduction, 42% downtime reduction exceed
benefits reported in earlier SME technology studies,
likely reflecting maturation of Al technologies and
availability of SME-accessible solutions. However, these
results prove consistent with recent enterprise Al
literature documenting substantial operational
improvements in similar application domains, suggesting
technology performance gaps between large and small
organizations have narrowed considerably.

The  prominence  of  organizational  and
environmental factors (executive advocacy, competitive
pressure, peer examples) over purely technological
considerations in adoption decisions corroborates Lu et
al. (2022) and Bettoni et al. (2021) findings emphasizing
socio-organizational dimensions of SME technology
adoption. This consistency across studies strengthens
confidence that SME adoption patterns differ
fundamentally from large enterprise patterns where
technical architecture and governance receive greater
emphasis.
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Table 4 Stakeholder-Specific Implications and Recommended Actions for Al/ML Adoption in SMEs

Stakeholder Group

Key Findings Relevant to Group

Recommended Actions

Expected Benefits

SME Executives

Al adoption achievable with
modest investment; payback 4-16
months; requires executive
commitment

Start with high-impact pilot;
partner with experienced
vendor; invest in employee
training

Competitive advantage,
operational efficiency, risk
reduction, customer
satisfaction

Technology Vendors

67.8% non-adopters cite technical
expertise gaps; simplified solutions
needed; implementation support
critical

Develop SME-specific
offerings; provide
comprehensive onboarding;
create success case studies

Market expansion,
customer acquisition,
recurring revenue,
competitive differentiation

Policymakers

Adoption gaps risk widening
digital divide; societal benefits
from SME competitiveness;
infrastructure and skills gaps

Fund Al literacy programs;
provide implementation
grants; support industry

demonstrations

Economic growth, job
creation, innovation
diffusion, inclusive

prosperity

Industry Associations

Members need peer learning and

best practice sharing; collective

purchasing power for favorable
terms

Organize Al workshops;
negotiate group licensing;
facilitate vendor evaluation

Member value,
competitive positioning,
industry advancement

Consultants/Integrators

Implementation failure rates 40-
60%; change management and
training crucial; ongoing support
needed

Develop SME-focused
methodologies; offer fixed-
price packages; provide
post-implementation support

Service differentiation,
client success, referrals,
recurring engagements

e Note: Implications and recommendations derived
from research findings, interview insights, and case
study analyses. Each stakeholder group plays distinct
role in SME Al ecosystem; coordinated action across
groups can accelerate beneficial technology diffusion
while addressing adoption barriers.

VI. CONCLUSION
This comprehensive investigation of AIl/ML
applications in US SMEs reveals both substantial

opportunities and  persistent  challenges shaping
technology adoption and business value creation in
resource-constrained  organizational contexts. The
research establishes that AI/ML technologies particularly
in risk management and customer service automation
domains deliver measurable operational improvements
and financial benefits justifying implementation
investments for SMEs across industries and size
categories.

Key empirical findings demonstrate that successful
Al implementations generate 43-67% performance
improvements in core metrics (fraud detection rates,
credit risk accuracy, operational efficiency, customer
service responsiveness) while producing $78,000-
$580,000 annual economic value depending on
application domain and organizational characteristics.
These outcomes prove achievable with modest initial
investments ($35,000-$145,000) and rapid payback
periods (4-16 months), creating compelling business
cases for SME technology adoption. However, overall
adoption rates remain relatively low (31.4%) with
substantial sectoral variation, indicating that barriers and
enablers require further attention from technology
providers, policymakers, and SME support ecosystems.

The research contributes theoretically by extending
technology adoption frameworks to SME contexts,

documenting how resource constraints, organizational
structures, and decision processes create adoption
dynamics differing from large enterprise patterns
emphasized in existing literature. Findings support
Resource-Based View and Dynamic Capabilities theories
while demonstrating novel pathways through which
resource-constrained organizations develop competitive
capabilities via strategic partnerships and ecosystem
participation rather than pure internal development. The
identification of 'capabilities orchestration' as dominant
SME approach versus enterprise 'capabilities building'
paradigm advances understanding of technology-enabled
competitive advantage creation across organizational
contexts.

Practically, the research provides actionable
guidance for multiple stakeholder groups. SME
executives gain evidence-based frameworks for
evaluating Al opportunities, assessing organizational
readiness, selecting appropriate technologies, and
managing implementations successfully. Technology
vendors receive insights into SME-specific requirements,
adoption barriers, and solution characteristics enabling
market success. Policymakers and support organizations
identify intervention opportunities addressing systemic
barriers and accelerating beneficial technology diffusion
with positive economic development impacts.

The documented performance improvements,
business value creation, and successful implementation
patterns demonstrate that AI/ML technologies have
matured sufficiently for practical SME deployment
across diverse applications and industries. The
availability of cloud-based platforms, packaged industry
solutions, and accessible implementation support lowers
barriers compared to early technology generations
requiring substantial internal development. However,
realizing potential benefits demands attention to
organizational readiness, change management, employee
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capability development, and strategic implementation
approaches areas where many SMESs require external
support and guidance.

Looking forward, continued AI/ML advancement
particularly in generative Al, edge computing, and
automated machine learning promises even greater
accessibility and applicability for SME contexts.
However, technology evolution alone proves insufficient
without corresponding development of SME capabilities,
support ecosystems, and enabling policies. The research
findings suggest that coordinated efforts across
technology vendors, industry associations, educational
institutions, and government agencies can accelerate
beneficial Al  adoption,  strengthening  SME
competitiveness and contributing to broader economic
prosperity and inclusive growth objectives.

VII. LIMITATIONS

Several limitations qualify research findings and
suggest caution in generalization. First, the cross-
sectional survey design captures Al adoption and
outcomes at single time point, limiting conclusions about
causality and long-term sustainability of reported
benefits. Longitudinal research following SMEs over
extended periods would strengthen understanding of
adoption trajectories, implementation evolution, and
sustained value realization versus initial enthusiasm
effects.

Second, the sample while substantial (N=847) and
diverse across sectors concentrates in four industries and
may not represent full SME population diversity across
all  sectors, geographies, and  organizational
characteristics.  Particular  industries with  unique
operational models (healthcare, construction, agriculture,
hospitality) remain underrepresented, potentially limiting
findings transferability. Geographic concentration in 15
states, while spanning multiple regions, may not capture
state-level regulatory and economic factors influencing
adoption in all locations.

Third, self-selection bias affects survey responses as
technology-engaged SMEs likely participated at higher
rates than technology-averse organizations. This bias
potentially inflates reported adoption rates and
understates barriers among truly resistant or unaware
SMEs. Non-response analysis comparing respondent
characteristics ~ with  broader =~ SME  population
demographics provides some bias assessment, but
residual effects likely persist.

Fourth, performance outcome measurement relies
substantially on self-reported data from executives
potentially motivated to justify technology investments
through positive assessments. While survey design
included objective metrics where possible and
triangulation with vendor-reported customer outcomes
provided validation, measurement validity remains
concern. Independent performance audits or archival data
analysis would strengthen outcome validity but proved

infeasible given research resources and SME privacy
concerns.

Fifth, the research focuses specifically on risk
management and  customer service automation
applications, limiting conclusions about other AI/ML
domains including marketing optimization, supply chain
management, product development, and human resource
applications. While these focused domains enable deep
investigation, broader coverage would support more
comprehensive understanding of Al value across SME
operations. Future research should examine additional
application domains with similar methodological rigor.

PRACTICAL IMPLICATIONS

» For SME Executives and Business Owners

SME leaders should approach AI/ML adoption
strategically rather than reactively, beginning with
systematic opportunity assessment identifying high-value
use cases aligned with business priorities and competitive
positioning needs. The research demonstrates that
successful adopters start with focused pilot projects in
specific domains (fraud detection, customer service
chatbot,  predictive =~ maintenance)  demonstrating
measurable value before broader deployment. This staged
approach manages risk, builds organizational confidence,
and generates learning enabling more ambitious
subsequent initiatives.

Executive commitment proves critical success factor
not merely approving budgets but actively championing
initiatives, communicating  strategic  importance,
addressing organizational resistance, and celebrating
early wins. The finding that executive advocacy
represents strongest adoption predictor (p=0.42)
underscores  leadership centrality in  technology
transformation. Owners and CEOs should educate
themselves on Al capabilities and limitations, participate
in industry peer learning forums, and visit successful peer
implementations building informed perspectives on
opportunities and requirements.

Partner selection warrants careful attention given
that most SMEs lack internal Al expertise and depend
heavily on external vendors and consultants. Evaluation
criteria should emphasize: demonstrated experience with
comparable SMEs and industries, transparent pricing
without hidden costs, comprehensive implementation
support including training and change management,
ongoing maintenance and support services, and
willingness to provide customer references. The 40-60%
implementation failure rate among SMEs attempting Al
projects largely reflects poor vendor selection and
inadequate implementation support.

» For Technology Vendors and Service Providers
Technology vendors targeting SME markets must
recognize that enterprise solutions require fundamental
adaptation for small business contexts not merely
simplified interfaces but reconceived offerings addressing
distinct SME characteristics. Successful SME solutions
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emphasize: rapid time-to-value with pre-configured
industry templates, minimal customization requirements,
transparent subscription pricing avoiding large capital
commitments, built-in training and user support, and
straightforward integration with common SME software
(QuickBooks, Salesforce, Shopify, Square).

Go-to-market strategies should emphasize peer
validation and social proof given SME decision makers'
reliance on trusted recommendations and visible
successes. Developing case studies featuring comparable
SMEs in similar industries, facilitating customer
reference conversations, offering free trials or freemium
models enabling low-risk  experimentation, and
participating in industry association events and trade
shows builds credibility and reduces perceived adoption
risk. The research finding that competitive pressure
drives adoption (=0.38) suggests that showcasing peer
successes creates FOMO (fear of missing out) motivating
action.

Implementation support services require equal
emphasis with core technology given that technical
expertise limitations represent primary adoption barrier
(67.8% of non-adopters). Vendors should develop:
comprehensive onboarding programs with structured
training, dedicated customer success managers guiding
implementations, accessible technical support with rapid
response times, implementation consulting services
available at affordable rates, and post-deployment
optimization ensuring customers realize full value.
Recurring revenue models create alignment between
vendor success and customer success, incentivizing
ongoing support and value demonstration.

» For Policymakers and Economic Development

Organizations

Government agencies and economic development
organizations can accelerate beneficial Al adoption
through targeted interventions addressing systemic
barriers beyond individual SME or vendor control.
Digital infrastructure programs improving broadband
access in underserved areas, data quality and
management  resources helping SMEs organize
information for ML applications, and cybersecurity
frameworks protecting SME data assets create
foundational capabilities enabling Al adoption.

Workforce development initiatives building Al
literacy across SME workforce prove particularly
impactful. Programs should include: executive education
on Al strategy and opportunity assessment, technical
training for employees tasked with Al system
management, general digital literacy ensuring workforce
can effectively use Al-enabled tools, and specialized
consulting developing organizational Al implementation
capabilities. Community college partnerships, industry
association programs, and online learning platforms
provide scalable delivery mechanisms.

Financial assistance programs grants, tax incentives,
subsidized loans can overcome cost barriers preventing

adoption among capital-constrained SMEs. However,
such programs require careful design avoiding waste on
inappropriate implementations. Effective approaches
condition funding on: participation in educational
programs ensuring informed decision-making, vendor
certification verifying solution appropriateness and
provider  capabilities, implementation  milestones
demonstrating progress and value realization, and
outcome measurement documenting benefits and lessons
learned for broader dissemination.

FUTURE RESEARCH

This research opens multiple avenues for future
investigation extending understanding of AI/ML
adoption, implementation, and value creation in SME
contexts. Eight specific research directions warrant
attention:

First, longitudinal studies tracking SME Al adoption
and performance over extended periods (3-5 years) would
illuminate  sustainability — questions: Do initial
performance improvements persist, deteriorate, or
improve with experience? How do implementations
evolve through iterative refinement and capability
building? What organizational learning occurs, and how
does it transfer to subsequent Al initiatives? Longitudinal
research following cohorts of adopters and comparable
non-adopters would strengthen causal inference regarding
Al's business impact.

Second, comparative international  research
examining Al adoption across countries with different
regulatory environments, digital infrastructure, and SME
support ecosystems would reveal contextual factors
shaping adoption patterns. How do European GDPR data
privacy regulations affect SME Al adoption compared to
US regulatory environment? Do countries  with
comprehensive SME support programs demonstrate
higher adoption rates and better outcomes? What lessons
can be learned from high-adoption contexts to inform
policy and ecosystem development elsewhere?

Third, industry-specific deep dives into sectors
underrepresented in current research (healthcare,
construction, agriculture, hospitality) would identify
domain-specific ~ opportunities, challenges, and
implementation approaches. Each industry presents
unigque operational characteristics, regulatory constraints,
and competitive dynamics potentially requiring tailored
Al solutions and adoption strategies. Sector studies
would provide specialized guidance complementing
cross-industry frameworks.

Fourth, investigation of emerging Al technologies
particularly generative Al (ChatGPT and successors),
edge computing enabling on-device Al processing, and
AutoML automating model development would assess
SME applicability and adoption potential. How do these
technological advances address current barriers or create
new opportunities? What novel applications emerge from
capability evolution? Early adopter case studies would
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document implementation experiences and lessons
learned.

Fifth, research on Al ecosystem development
examining vendor strategies, consultant business models,
industry association roles, and government program
effectiveness would identify ecosystem strengthening
opportunities. What vendor characteristics correlate with
SME customer success? How can consultants profitably
serve SME market while maintaining quality? What
association programs most effectively support member
adoption? Which government interventions demonstrate
measurable impact?

Sixth, studies investigating Al implementation
failures analyzing root causes, organizational responses,
and recovery strategies would yield valuable lessons
currently obscured by publication bias favoring success
stories. Systematic failure analysis identifying common
pitfalls, critical mistakes, and red flags would help future
adopters avoid costly errors. Understanding how SMEs
recover from failed implementations and whether failures
permanently damage technology receptivity versus
creating learning opportunities merits investigation.

Seventh, research on Al ethics and responsible
deployment in SME contexts addresses growing concerns
about algorithmic bias, privacy protection, transparency,
and accountability. How do resource-constrained SMEs
implement responsible Al principles? What governance
mechanisms prove practical and effective? How do
customers and employees perceive Al systems, and what
builds trust? Ethical Al frameworks adapted for SME
contexts would support responsible technology
deployment.

Eighth, investigation of Al's employment impacts in
SMEs job displacement concerns, skill requirement
changes, workforce adaptation strategies would inform
workforce development and transition policies. While
automation creates efficiency gains, employment effects
remain debated and inadequately studied in SME
contexts. How many jobs are displaced versus augmented
or created? What employee reskilling programs prove
effective? How do SMEs manage workforce transitions
compassionately and effectively? Answering these
questions informs policy and organizational practice.

Table 5 Future Research Directions: Questions, Methods, and Expected Contributions

Research Direction Key Questions Methodology Expected
Contribution

Longitudinal Do Al benefits persist? How do Panel study tracking Causality
Adoption Studies implementations evolve? What learning adopters over 3-5 years strengthening,

occurs?

sustainability insights

International

Comparisons affect adoption?

How do regulations, infrastructure, support

Cross-country
comparative analysis

Policy and ecosystem
design guidance

Sector-Specific

Investigations challenges?

What are industry-unique opportunities and | Deep-dive case studies Tailored

in healthcare,
construction,
agriculture

implementation
frameworks

Emerging Technology

How do generative Al, edge computing,

Early adopter studies, Future adoption

Assessment AutoML apply to SMEs? technology evaluations preparation,
opportunity
identification

Ecosystem What Multi-stakeholder case Ecosystem

Development

vendor/consultant/association/government

approaches work best?

studies, program
evaluations

strengthening strategies

Failure Analysis

Why do implementations fail? How do

SMEs recover?

Failed project case
studies, recovery
analysis

Risk mitigation,
learning from mistakes

Ethics and
Responsibility

How do SMEs implement responsible Al?

What builds trust?

Ethical framework
adaptation, stakeholder
perception studies

Responsible
deployment guidance

Employment Impact

What jobs are

displaced/augmented/created? How to

manage transitions?

Employment tracking,
reskilling program
evaluation

Workforce policy,
transition strategies

o Note: Research directions represent high-priority
investigations extending current study's findings.
Each direction addresses distinct knowledge gaps

with  practical and

theoretical  significance.

Combined, these investigations would substantially
advance understanding of Al/ML in SME contexts.
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