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1. Introduction

This literature review investigates whether small and medium-sized enterprises (SMEs)
can leverage Artificial Intelligence (Al)-based sales forecasting as a realistic and sustaina-
ble source of competitive advantage. Hill cautions that “The greatest risk from Al is that of
falling behind in the future because you failed to build the capability to adapt” (Morton,
2025), highlighting that technological tools alone are inadequate without accompanying or-

ganisational transformation.

The central research question is: What organisational and strategic factors influence the

feasibility of implementing Al-driven sales forecasting tools in SMEs?

The main body is organised into three sections, progressing from rationale to feasibility
and potential implementation pathways. The first section establishes the strategic im-
portance of forecasting for SMEs, demonstrating how improved projections support inven-
tory management, capacity planning, and survival in volatile markets. The second section
examines the value and limitations of Al-based sales forecasting, contrasting machine
learning (ML) approaches with traditional statistical tools. The third section draws on SME
digitalisation literature to analyse the organisational and structural challenges of imple-
menting Al-based forecasting. This section includes a review of historical technological
challenges and solutions, an assessment of current strategic and organisational issues re-
lated to Al-forecasting tools, and a synthesis of these insights to identify implementation

approaches recommended in the literature.

To address this question, the review follows a two-stage research strategy. First, it draws
on predominantly technical and managerial literature on the importance of forecasting, the
ways in which Al-based approaches can enhance forecast quality, and the organisational
and structural challenges that arise when such systems are introduced. Second, it adopts a
historical perspective, examining how SMEs have previously adapted to major waves of
digital technology and which conditions have enabled or constrained those transitions.
Across both strands, the emphasis is on linking the technical capabilities of Al forecasting

with the organisational realities of SMEs.

In the forecasting literature, some authors distinguish between predicting underlying de-
mand and realised sales, while others note that “people often use the terms ‘demand’ and

‘sales’ interchangeably ... because the two equate when sales are not limited by supply”



(Armstrong and Green, 2005, p. 1). For reasons of clarity and brevity, the review therefore

uses the single term “forecasting” when referring to both demand and sales projections.
2. The Strategic Importance of Sales Forecasting for SMEs

“Availability of forecasts of the components making up each enterprise’s system reduces
the risk of faulty business decisions.” (Wisniewski, 2021, p.2). asserts that strategic plan-
ning is therefore essential for small businesses. Kolkova and Klju¢nikov (2022) show that
forecasting is increasingly vital for SMEs, which often operate with limited financial re-
sources, small workforces and fragile organisational structures. At the same time, they face
volatile customer demand, supply chain disruptions, and fluctuating input prices, all of
which necessitate adaptability and precise forecasting (Stepanov, 2025; Jones, 2025). In
the aftermath of the pandemic, accurate forecasting has become critical for SME survival
and is now widely recognised as a core element of logistics and supply chain management

(Kolkovéa and Klju¢nikov, 2022).

For SMEs, accurate forecasts are fundamental to effective inventory and production man-
agement in constrained capacity environments. This enables firms to anticipate demand
and plan procurement volumes, thereby minimizing both overstocking and stockouts
(Christopher and Rahmatillah, 2025). Lowering excess inventory reduces storage costs and
capital requirements, while preventing stockouts safeguards sales, customer satisfaction,
and profitability (Gupta and Agarwal, 2024). Given that many SMEs cannot sustain large
inventory buffers, predictive models are crucial for maintaining agile supply chains with-
out unnecessary resource allocation (Stepanov, 2025). High-quality forecasts enhance op-
erational efficiency, cost control, and growth strategies, all of which are strategically sig-

nificant for resource-constrained firms (Stepanov, 2025).

Forecasting supports both strategic and tactical decisions in SMEs. By providing a struc-
tured view of expected demand, forecasts inform procurement strategies, production sys-
tem design, and marketing initiatives, enabling firms to capitalize on demand shifts rather
than simply reacting to them (Christopher and Rahmatillah, 2025). Systematic forecasting
reduces the risk of errors associated with ad hoc judgement, which is a particular concern

in organisations with limited managerial capacity (Wisniewski, 2021).

Before the introduction of AI, SMEs mainly relied on statistical time-series models and
econometric approaches, complemented by qualitative judgemental techniques such as ex-

pert-based and Delphi forecasting (Wisniewski, 2021; Petropoulos et al., 2022). Given the



strategic and operational benefits of planning under uncertainty, many SMEs are now look-
ing beyond these traditional tools towards Al-based forecasting methods that can exploit
richer data and more complex patterns (Manos et al., 2024; Al-Karkhi and Rzadkowski,
2025).

3. The Value and Limits of AI-Based Sales Forecasting

Al-based forecasting can be understood, in line with ISO terminology, as the use of engi-
neered systems that learn from data to generate forecasts for human-defined objectives
(ISO, 2022; Aldoseri et al., 2023). In practice, these systems are usually built with ML
methods that infer patterns from historical and contemporary data, including supervised
models for regression and deep learning (DL) architectures such as recurrent neural net-
works (Bandara et al. 2020). By contrast, traditional tools such as ARIMA extrapolate pat-
terns from a single time series, assuming that the structure of past observations is broadly
representative of the future (Petropoulos et al., 2022). They are powerful for capturing
trend and seasonality but remain essentially univariate and struggle when behaviour is
driven by complex interactions or structural breaks (Manos et al., 2024). Al forecasting, in
turn, is designed to exploit rich, heterogeneous data and non-linear relationships, which are

particularly valuable for firms operating in volatile environments.

Across several empirical and review studies, Al methods often outperform traditional sta-
tistical forecasting when data and market conditions are complex. In e-commerce and ex-
port settings, Manos et al. (2024) and Sohrabpour et al. (2021) find that tree-based and
other ML models achieve clearly higher forecast accuracy than benchmark statistical mod-
els. At a broader level, review work reports that ensemble and DL approaches can yield
substantial accuracy gains by modelling non-linear dynamics and combining multiple data
sources, although these advantages depend on data availability and model design (Al-

Karkhi and Rzadkowski, 2025).

However, the literature also cautions against a simplistic “Al always wins” narrative (Gilli-
land, 2020; Al-Karkhi and Rzadkowski, 2025). Evidence from the M4 competition shows
that pure ML methods, applied in isolation, performed poorly and were outperformed by a
simple combination of classical statistical methods (Gilliland, 2020). The most successful
entries were hybrid methods that combined ML with traditional forecasting, for example,
exponential smoothing linked to a recurrent neural network, or ML used to derive optimal
combination weights over a pool of statistical models (Gilliland, 2020). This supports the

argument that Al forecasting is not a wholesale replacement for classical methods; the



best-performing hybrids integrate ML with statistical baselines, albeit with higher compu-
tational and methodological costs (Gilliland, 2020; Al-Karkhi and Rzadkowski, 2025).

From a business perspective, Al forecasting is closely aligned with the wider agenda of
data analytics: improving processes, understanding customer behaviour and enabling bet-
ter-prepared decisions regarding costs, quality and time (Keller et al., 2025). For SMEs in
particular, predictive analytics is highlighted as a core application through which Al can
anticipate sales trends, demand fluctuations and supply-chain risks, thereby shifting firms
from reactive to proactive postures and strengthening resilience (Carayannis et al., 2025).
Empirical evidence from London SMEs during the COVID-19 pandemic suggests that
those using Al, including tools for cash-flow forecasting and dynamic pricing, reported
significantly lower business risks than non-users, independent of firm size or age (Dryda-
kis, 2022). In pricing, SMEs and experts rank forecast accuracy and reliability as the most
important criteria for evaluating Al-supported price functions, ahead of even cost savings
and customer value, which underlines how central credible forecasting performance is to

adoption decisions (Erdmann et al., 2024).

However, these potential benefits interact with demanding data, computational and govern-
ance requirements, which are particularly constraining for SMEs and are examined in Sec-

tion 4.2.
4. SME Digitalisation and AI-Based Sales Forecasting: Challenges and Pathways
4.1. SME Adaptation to Internet, Digitalisation and Other Technologies

To understand whether SMEs can realistically capture these benefits from Al-based fore-
casting, it is necessary to consider how they have historically adapted to digital technolo-
gies more generally. Dholakia and Kshetri (2004) and Li et al. (2023) show that SMEs
have generally approached digital technologies in stages, beginning with basic Internet
connectivity and later embedding advanced tools. Early initiatives in traditional manufac-
turing firms show that SMEs started with email and web access for communication, then
applied Internet-based ICT, which delivered quick gains, supported by consultancy pack-
ages (Chapman et al., 2000). Similar phased patterns appear in Internet and e-commerce
use, as firms move from computer ownership to simple websites and eventually to rou-
tinized online selling (Dholakia and Kshetri, 2004). Later waves of digitalization extend

this trajectory: SMEs adopt e-commerce, cloud services, mobile Internet applications, and



data analytics to improve efficiency, flexibility, and innovation, often at lower up-front

cost than traditional IT (Opoku et al., 2024; Marston et al., 2011).

Across the studies, financial and capability constraints emerge as the most persistent chal-
lenges (OECD, 2021; Holl and Rama, 2023). SMEs face limited budgets for technology,
lack internal IT and analytics skills, and often have low awareness of digital options or
support schemes (Balocco et al., 2009; Mohamed and Weber, 2020). These problems are
more acute for smaller firms and those in rural or peripheral regions, where infrastructure,
skill bases and access to finance are weaker, leading to lower adoption of advanced tech-
nologies such as Al big data and blockchain (Holl and Rama, 2023; Li et al., 2023). Or-
ganisationally, many SMEs are reluctant to change established business models and often
perceive digital transformation as complex, risky and difficult to maintain (Beckinsale et

al., 2000).

The evidence nonetheless indicates that SMEs can overcome these barriers through inter-
nal leadership, external support and incremental capability building. Owner-managers,
CIOs and CEOs frequently act as digital champions, initiating Internet development, mo-
bile solutions or broader transformation when clear business needs or customer pressure
are perceived (Beckinsale et al., 2006; Balocco et al., 2009). Local and regional initiatives,
including projects, university-linked assistance schemes and industrial Internet platforms,
provide process analysis, training, consultancy and ongoing support, while IT suppliers act
as important knowledge brokers and implementation partners (Chapman et al., 2000; Mo-
hamed and Weber, 2020). In parallel, government-led digitalisation policies and EU-
funded programmes help defray investment costs and expand access to skills and tools,
particularly in data analytics, complementing firm-level efforts to build digital capabilities
(Opoku et al., 2024; Holl and Rama, 2023). Overall, the studies suggest that SMEs adapt
most successfully when affordable, modular technologies, supportive local ecosystems and
multi-level policy interventions align with strong internal leadership and a phased, learn-

ing-oriented approach to digitalisation (Opoku et al., 2024; OECD, 2021).

4.2. Organisational and Structural Challenges in Implementing AI-Based
Sales Forecasting in SMEs

Across the reviewed studies, the adaptation of Al in firms is framed primarily as an organi-
sational and structural challenge rather than a purely technical one (OECD, 2021; Carayan-

nis et al., 2025). Al-driven forecasting is attractive because it can cope better with volatile



markets, fluctuating demand and complex patterns than traditional, historically oriented ap-
proaches, and can support more proactive and agile decision-making in supply chains

(Jones, 2025; Stepanov, 2025). Yet organisations often struggle to integrate such tools into
existing IT landscapes, to secure the necessary data flows and to manage the cultural shifts

required to embed Al in everyday decisions (Jones, 2025; Ledro et al., 2023).

A first layer of constraint concerns financial and resource structures. SMEs typically oper-
ate with lower economic power, fewer financial resources and fewer highly qualified
workers than large firms, which makes substantial up-front investments in Al tools, infra-
structure and training difficult to justify (Kolkova and Klju¢nikov, 2022). Interview-based
evidence from supply-chain professionals highlights high initial costs and uncertain returns
on investment as central reasons for postponing or scaling back Al-driven forecasting pro-
jects, especially in smaller organisations (Jones, 2025). Similarly, policy analysis points to
sunk costs for training and maintaining Al systems, compounded by SMEs’ pre-existing
financing constraints, as a core adoption barrier (OECD, 2021). These sunk costs are fur-
ther aggravated by the computational and energy demands of complex hybrid and DL fore-
casting models, which increase operating expenses even after systems have been deployed
(Gilliland, 2020; Keller et al., 2025). Where budgets are tight, firms may favour simpler
forecasting approaches that can be implemented with existing staff and hardware, even
when they recognise that more advanced models promise higher accuracy (Kolkova and

Kljuénikov, 2022; Opoku et al., 2024).

The second structural challenge is data readiness. Al forecasting systems depend on large
quantities of accurate, standardised and secure data, but many firms, particularly SMEs,
lack the systems needed to collect, clean and structure data across functions (Carayannis et
al., 2025; OECD, 2021). Empirical work on Al forecasting and SME growth forecasting
emphasises persistent problems of data quality, including inconsistency, incompleteness,
silos and imbalanced data, which impair the performance and generalisability of ML mod-
els (Al-Karkhi and Rzadkowski, 2025; Jones, 2025). Weak data foundations, therefore, un-
dermine both the construction of reliable models and the ability to assess and compare

them, making it harder for managers to build trust in Al-generated forecasts.

A third set of obstacles relates to human capital and organisational capabilities. Across
sources, the shortage of specialised staff, data scientists, ML engineers or analysts, and the
difficulty of reskilling existing employees are highlighted as central impediments to Al
adoption (Jones, 2025; OECD, 2021). The complexity of many Al and hybrid forecasting



models, including neural networks and ensemble methods, is repeatedly cited as a reason
why SMEs do not use them, particularly when they lack in-house expertise and rely on
lean teams (Kolkova and Klju¢nikov, 2022; Al-Karkhi and Rzadkowski, 2025). Organisa-
tionally, embedding Al forecasting into decision processes requires clear business objec-
tives, early involvement of business stakeholders and the transfer of implicit expert
knowledge into data and model features; in practice, firms often struggle with change man-
agement, unclear goals and limited business engagement in technical projects (Ledro et al.,

2023).

Cultural and spatial factors further shape feasibility. Several studies underline that success-
ful AI and CRM implementations require a broader cultural shift towards data-driven, cus-
tomer-centric decision-making, yet many organisations remain anchored in siloed, intui-
tion-based practices (Ledro et al., 2023; OECD, 2021). Employees may resist change be-
cause of fears about job displacement or loss of control, while managers may be sceptical
of algorithmic outputs they cannot easily interpret (Ledro et al., 2023). Spatial analyses add
another structural dimension: SMEs in rural or small-town locations are less likely to adopt
advanced digital technologies, including Al and big data analytics, owing to weaker digital
infrastructure, narrower local skill bases and more limited access to support services, even
when other firm characteristics are similar (Holl and Rama, 2023). These locational divides

amplify existing resource and capability gaps in Al forecasting adoption.

Finally, issues of transparency, explainability and risk governance cut across technical and
organisational domains. Complex Al models are often perceived as “black boxes”, raising
concerns about liability, accountability and fairness when their forecasts inform high-
stakes decisions (OECD, 2021; Ledro et al., 2023). The review literature on ML-based
economic and SME forecasting identifies interpretability and model generalisation as key
challenges, arguing that advanced techniques such as SHAP and LIME are needed to make
forecasts understandable and actionable for decision-makers (Al-Karkhi and Rzadkowski,
2025). However, deploying such tools adds further methodological and cognitive complex-
ity, which may be difficult to absorb in resource-constrained settings. Overall, the studies
converge on a picture in which the main obstacles to Al forecasting in SMEs lie less in the
absence of promising algorithms and more in the financial, data, capability, cultural and
spatial structures within which these algorithms must be embedded. These organisational

and structural barriers mirror earlier patterns observed in SME digitalisation, which also



point towards possible pathways for overcoming current Al challenges (Opoku et al., 2024;

Mohamed and Weber, 2020).

4.3. From SME Digitalisation to AI-Based Forecasting: Overcoming Imple-
mentation Barriers

The literature on SME digitalisation indicates that current difficulties in adopting Al, in-
cluding Al-based forecasting, extend long-standing structural disadvantages rather than
create wholly new ones (Opoku et al., 2024; Holl and Rama, 2023). SMEs have histori-
cally adopted digital technologies incrementally because of lower economic power, re-
stricted access to finance and limited specialist expertise, which has kept many micro and
small firms at the level of basic descriptive or diagnostic analytics (Opoku et al., 2024;
Mohamed and Weber, 2020). Where firms have managed to integrate digital tools across
core functions and value chains, however, they have realised clear gains in product and
process innovation and business growth (Opoku et al., 2024; Holl and Rama, 2023). This
experience suggests that Al will be most feasible and valuable when it is built on coherent,
already digitised processes and data flows rather than on fragmented systems (OECD,
2021; Carayannis et al., 2025).

A first pathway for overcoming contemporary Al challenges is to reduce the financial and
capability burden by externalising technological complexity. Studies on Al, predictive ana-
lytics and big-data adoption recommend that SMEs rely on cloud-based services, Software
as a Service and ML as a Service, to access pre-built models and scalable computing re-
sources without major capital expenditure or deep in-house expertise (OECD, 2021; Cara-
yannis et al., 2025). Free and low-code tools, including simple trend indicators and user-
friendly analytics platforms, provide further entry points for low-tech SMEs and allow ex-
perimentation with forecasting and other Al applications at modest risk (Carayannis et al.,
2025). Empirical work with UK SMEs shows that external technical assistance and longer-
term collaborations help firms to convert digital data into value by developing bespoke an-
alytic tools and building employee capabilities (Mohamed and Weber, 2020). More
broadly, collaboration with universities, technology hubs and specialist providers is pre-
sented as a pragmatic way to access expertise and tackle data-quality issues without bear-
ing the full cost of permanent expert teams (Carayannis et al., 2025; Mohamed and Weber,

2020).

A second pathway concerns methodological and organisational fit, particularly for Al fore-

casting. Review work on ML-based economic and SME forecasting finds that ensemble



and DL models can deliver high accuracy but are often difficult to reconcile with SME
data volumes, computing power and skills (Al-Karkhi and Rzadkowski, 2025). Multicrite-
ria evaluations of forecasting tools show that, once constraints such as researcher
knowledge and computing power are considered, traditional statistical models may remain
more suitable for many SMEs than complex Al or hybrid approaches, even where the latter
have superior theoretical accuracy (Kolkova and Klju¢nikov, 2022). Rather than pursuing
maximum technical sophistication, SMEs are therefore encouraged to select forecasting
methods that fit their structural conditions and strategic priorities. Explainable Al tech-
niques such as SHAP and LIME can further support adoption by making complex model
outputs more transparent and usable for managers (Al-Karkhi and Rzadkowski, 2025).

Finally, prior experiences with digital transformation highlight governance, culture and
policy support as crucial enablers for overcoming Al challenges. Ledro et al. (2023) and
Stancombe et al. (2017) advocate a phased implementation cycle for Al integration in
CRM from discovery and goal setting, through design and deployment, to sustainment,
combined with strong business involvement and a focus on use cases with clear marketing
or customer-service benefits. Such gradual approaches mirror the established pattern of in-
cremental digitalisation in SMEs and can reduce resistance by demonstrating tangible
gains through small-scale experiments, for example, A/B tests (Ledro et al., 2023). At eco-
system level, OECD analysis and spatial studies underline that targeted financial support,
reskilling programmes and stronger local business environments are essential to close fi-
nancing and skills gaps, especially for smaller and rural firms (OECD, 2021; Holl and
Rama, 2023). Taken together, these findings suggest that SMEs can best overcome current
Al implementation challenges by leveraging existing digital foundations, externalising
technical complexity where possible, matching forecasting tools to their organisational re-
alities and embedding Al within broader, policy-supported strategies for capability devel-
opment and innovation (OECD, 2021; Carayannis et al., 2025).

5. Conclusion

The literature review investigates whether SMEs can feasibly use Al-based sales forecast-
ing as a sustained source of advantage. It shows that forecasting is strategically vital for
SMESs’ survival, underpinning inventory control, capacity planning and risk management
in volatile markets, yet is often conducted with simple statistical and judgemental tools. It

then examines Al and ML approaches, which can exploit richer data and sometimes out-



perform classical models, especially in complex or rapidly changing environments. How-
ever, the evidence also stresses that hybrid approaches and methodological fit matter more
than abstract accuracy rankings. Finally, the review synthesises SME digitalisation re-
search to show that the key obstacles to Al-based forecasting are organisational and struc-
tural: financial constraints, weak data foundations, capability and skills gaps, cultural re-
sistance, spatial disadvantages and concerns about transparency and governance. At the
same time, prior digitalisation waves suggest possible pathways: incremental adoption,
cloud and service-based solutions, external expertise, explainable Al, leadership by owner-
managers and targeted policy support. Overall, the review concludes that the main question
for SME:s is not whether Al forecasting works in principle, but under which organisational

and strategic conditions it becomes feasible, trustworthy and worth the investment.

The review directly underpins the research question, “What organisational and strategic
factors influence the feasibility of implementing Al-driven sales forecasting tools in
SMEs?” It connects three strands of scholarship: the strategic role of forecasting in SME
performance; the technical potential and limitations of Al-based forecasting; and the or-
ganisational, structural and spatial features of SME digitalisation. Together, these strands
indicate that feasibility depends on the alignment between Al tools and SMEs’ resources,
data infrastructures, skills, cultures and wider ecosystems. The review also surfaces key
tensions, such as accuracy versus simplicity and transparency versus complexity, that the

empirical study will explore in depth.

Prior research has typically treated Al in SMEs, forecasting techniques and SME digitali-
sation as separate topics. Very few studies focus specifically on Al-based sales forecasting
in resource-constrained SMEs or integrate technical performance with organisational feasi-
bility and strategic foresight. Consequently, there is no practice-oriented framework link-
ing Al forecasting to SME resilience and adaptability. The literature review narrows this
gap but also clarifies what remains unresolved. Existing studies do not show how SME
managers and Al practitioners prioritise different feasibility factors in practice, or how they
experience trade-offs between accuracy, simplicity and transparency when choosing fore-
casting tools. Little is known about how SMEs actually sequence investments in data,
skills and digital infrastructure to make Al forecasting workable, or how local ecosystems
and support programmes shape these pathways. Finally, the review cannot determine

which organisational and strategic preconditions are perceived as “non-negotiable” versus

10



negotiable by decision-makers. These open questions require empirical investigation be-
yond secondary sources. To address these open questions, the study employs expert inter-
views with SME stakeholders and Al practitioners. These interviews will probe perceived
benefits, risks, organisational preconditions and implementation pathways for Al-based

sales forecasting, using the literature-derived factors as a thematic guide.
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points. Focus on the main purpose, key findings, and
implications for SMEs, forecasting, digitalisation,
and/or AL"

The Al output served only as a starting set of notes; I

checked every point against the original articles, ad-
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justed for accuracy. No Al-generated statement was in-
cluded in the thesis without verification from the source

texts.
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I used the resulting summaries to check the complete-
ness and ordering of my arguments, then verified all
content directly against the sources and rewrote it en-

tirely in my own language.

19



03.12.2025

Note-
book
LM

Used NotebookLLM to summarise key documents for
Themes 3.2 and 3.3 (AI adoption and Al-based forecast-
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Note-
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tion) Internal and external challenges to adopting Al-
based forecasting How SMEs can overcome Al-related
challenges"

I treated the generated table as a preliminary map, then
checked each entry against the underlying studies, re-
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Appendix

Search Strategy

Concept 1 Link Concept 2 Link Concept 3 Link| Concept 4 Concept 3 Link Concept 4 Link Concept 5
“ATI” *Forecast* "SME*" " "SME*" "Implement*" "Internet”
OR OR OR OR OR OR OR
Arfifoial el - " o adon®" il
Artificial intelligence’ "Sales w/5 forecast*" "Small and medium sized adop "Small and medium adop digitali
OR Enterprises" OR sized Enterprises” OR OR
"Predictive analytics" OR AND P AND)| "chall * P AND "challenge*" OR "technology"
OR B} . OR OR OR OR il
- - Sales w/5 predict* n n " n " -
“Machine Learning” "Medium enterprise*" driver*" "Medium enterprise*" "driver*" OR
OR i OR _ OR‘ OR OR‘ OR “Industry 4.0"
"advanced analytics" "Demand predict*" "Small business*" "enabler*" "Small business*" "enabler*"

Thematic Review and Analysis

Two tables are needed because technology has been used in different ways in the past.

[Theme [Sub-Theme[ [in-Text Citation [Summary Relevance to research Topic. [Connection and Links
Demonsitrates that SMES rely heavily on forccast quality 1 remain viable, which | Shows that forccasting is sirategically important for SMEs with limited resources and.|Use with Christopher & Rahmatilah (2023) to shaw how foreeasting supports
explains wh the Albased tools g its role in inventory, costand growth decisions. inventory and logisics decisions in SMESs
1 [Kolkova & Kijuenikov, 2022 sy e i # v andio
Positions forecasting as central 1o SME resilience and under Argues “analytics for supply and demand enables SMEs (o manage | Use with Witniewski (2021) 0 underline forecasting as a core tool for SME survival
cmnon 2025 Juncertain market conditions. Volaility with lean inventories, reinforcing the sirategic ned for elable forecasts. [and cost control.
= 2 [Stepanov,
£ - -
H Establishes forecasting as a core managerial capabilty for SMEs, nota techmical | Shows tha strctured forceasting reduces decision errors and is essential or stategic.|Use as an cmpirical SME Tiow beter forecasts
|3 S add-on, which underpins the whole motivation for Al-driven sales forecasting planning in small businesses, giving a foundational justifcation for why SMEs and stockouts and support inventory/logistes decisions; link to Kolkovi &
H 3 | Wisniewski, 2021 hould forecast at all Kljucnikov (2022) and Gupta & Agarwal (2024) when discussing operational
g enciits of forceastng.
z the di P ‘pay-off of in SME contexts. Provides empirical evidence that forecasting reduces stockouts and overstocks for [Empirical example of SME sales forecasting (ARIMA vs Random Forest); pair with
H [SMES, protecting sales and customer sati Cherian et al. (2025) when discussing specific forecasting tools for SMES.
4|Christopher & Rahmaillah, 2025
Provides qualiative evidence tnat beter forecasts are seen by practiioners as crucial | Shows that Al-driven forecasting hlps supply-chain actors manage volatilty and _|Use together with Carayannis et al.(2023) (0 show how Al-based forecasting creates
for proactive supply-chain managemen. improve decision-making, einforcing the imporiance of forccasting for SMEs in | value bu faces data, cost and skills barrirs for SMEs
5 [pones, 20:  complex supply networks.
Provides a central argument for reating Al 2 complementary (o, not & replacement | Showes from the Md compettion that pure ML methods often underperform simple or | Link to Al-Karkii & Rzadkowski (2025) as the main evidence that hybrid
for, classical forccasting. hybrid statistical models, challenging “Al aways wins” assumptions, approaches often outperform pure ML and that complexity brings higher costs.
1 [Gilliand, 2020
Provides a srong empirical example of AI's forecasting advaniage in complex data | Shows that trec-based ML models ouperform ARIMA in sales prediction when | Combine with Sohrabpour et al. (2021) to ilustrte how Al models can improve
g environments, hlping justify SME interest. enriched with variables such as weather and online scarch data forceast accuracy when enough data and features are available.
H 2 |Manos etal,, 2024
g
z Positions Al forecasting as partof a broader analyties-driven improvement agenda. | Describes how data analytics, ncluding forecasting, can improve processes, customer |Use with OECD (2021) o frame Al forecasting as par of a broader data-analytics
N 3 ketleretat, 2025 understanding and decision quality. and governance agenda that demands investment and organisational change.
2| 2 eller et al., 202
H Shows that Al forecasting can contribute to stratcgic foresight but only if cmbedded | Highlights AT's ability to anticipate trends, shocks and risks, extending the value of | Pair with Jones (2025) to highlight how Al forccasting can enhance resilience and
£ in wider capabilis. forcasting beyond pure sccurcy. e foresight, but is constrained by SME resources and capabils
2 4|Carayannis etal, 2025
2
Provides your main concepiual overview of Al-forecasting techniques and their | Reviews ML, ensemble and decp-lcarning approaches for cconomic and SME Conncets 0 Gillland (2020) on M4 resuls and to Kolkova & Klutnikov (2022) on
performance trade-ofs for SMES. forceasting, detailng the conditions under which they outperform traditional models. | SME-focused cvaluations.
5 |Al-Karkhi & Rzadkowski, 2025
Tt SME digialisation is gradual pat Shaped by | Shows how SMEs adopt digital tools such as e-commerce and data analytcs in Tink 10 OECD (2021 (o show that SME digialisation s gradual and resource-
capabiltes and policy context, which parallels likely trajectories for Al-based stages. depending on finance, skils and external support, giving a blueprint for how [consirained, and that polcy support maters.
1|Opoku et al,, 2024 forecasting. hey might approach Al forecasting.
Shows that SMEs offen analyties through prog Examines how UK SMEs adopicd big data and analytics, highlighting patirns of | Use with Carayannis et a. (2025) to demonstrate he rol of external experts and long-
and external expertise rather than purely internal developmen. Jeaning and reliance on external technical partners term collaborarions in building analyties capabiltes in SMEs.
2|Mohamed & Weber, 2020 ” ind ! * " sl cpab
s Serves as a broad backdrop for how SMEs historically engage with new Provides o comprehensive overview of SMIE digial trans ormation paiierns across | Core ecosysiem references pair with Opoki et al. (2024) to shaw how fmance, skills
] Lechnologics, including the conditions under which digital wools diffusc. countrcs, scetors and regions, showing incremental ad d structural and regional factors shape SME digital and AI adoption
% [3[oEcp 201 o
£ heterogencity.
i st SVIES end v gy o Sl morscomples gl o, | e o SVIES adood e e and ecommere T g, o e U with o 1 (2000 s sged et sopion i o7y
|z often consirained by resources and uncertanty, which paralel likely adoption paths [connectivity to more advanced online acivitis, lustrating incremental learning and  [drivers barriers in SMES.
g |4 |Pholakia & Kshetri, 2004 for Al forecasting. risk-averse behaviour.
& hat SMES can progress digital solutions when enabled | Examines how an industrial internet platform supports SME digital transformation, | Conneet to Opoku ctal. (2024) to show how industrial internet platforms support
z | . by pltforms and supportive ecosystems, hinting a similar outes for AlLbased showing firms embedding more advanced tools once foundational digital capabilties | lter-sage digta transformaion in SMEs.
: 5 [Lietal. 2023 forecasting. are in place.
2
[ustrates that red programmes ly been key to getiing | Dy ly initiatives SMEs build Pair with Dholakia & Kshetri (2004) as early evidence that SMESs started with basic
SMEs t0 adopt foundational technologics like email and web, a patern you consulancy packages and the importance of InternetICT and relied on consultancy support
6 |Chapman etal., 2000 extrapolate to Al tools, extemal fcilation.
Shows that intemal Teadership and perceived business benefitare crucial for SMEs 1o |Explores drivers of Inernet adoption in SMEs, sressing the role of owner-managers | Use with Chapman et al. (2000) to emphasise the o of owner-managers and iternal
move from awareness to actal use of new technologies. as digial ch d reluctance dels. [champions in driving digital adopt
7 |Beckinsale et al., 2006
Frames Al forceasting challenges as structural (sKills, computing power, esources) | Highlights that complex Al and hybrid models often cxceed SME skills and Hore, cmphasise that statistical methods may be more feasible for SMES than,
rather than simply a matir of choosing the “best” algorithm. infrastructure,creating a gap between theoretial accuracy and practcal feasibli complex AL, and link to Al-Karkhi & Rzadkowski (2025) on similar trade-offs.
1 [Kolkovi & Kijuenikov, 2022 Y “ e yanip w " plkowsii €
Emphasises tha readiness for Al forecasting is contingent on prior analytieal maturity | Notes financial and data imitations tha resrict SMIE use of sophistiated analytics, | Use (0 show hat predictve analylics helps SMEs manage supply and demand, reduce
7 . and resource availability many firms stay with simpl stockoutsfoverstocking and improve cost control and operational eficiency: contrast
2| Stepanov, 2025 \with laer discussion (Jones, 2025; OECD, 2021) on adopion barrers
[ T, T N wers e (G s 0 sompaiona s oo iy o
5 3 |Gititand, 2020 of state-of-the-art Al forecasting in smaller firms. resource-intensive, raising questions about feasibility for SMEs. [Keller et al. (2025) on cost and complexity.
g illand, 202
=z Z Provides strong support for your data-readiness and resource-constraint discussion. | Emphasises data quality, integration, cost and governance obstacles that organisations | Use (o position Al forccasting within the wider data-analytics agenda and to show.
s 4 face when scaling analytics hat complex hybrid/DIL models increase computational and energy costs ink to
L] S| ellreral. 2025 Gillland (2020) for similar concerns about complexity and cost
k] % Positions many Al-rlated abstacles as confinuations of long-sianding digitalisaion | Identifes stuctural disadvantages (imited finance, skils, location) tha hinder SME_|Use 10 show how broader digialisation (e-commerce, cloud, data analytics) supports
H challenges rather than eniircly new problems. uptake of advanced digital technologies, dircetly mirroring barrers to Al-driven [ SME effiiency and growih; link to OECD (2021) and Holl & Rama (2023) when
£ | 5|Opoku etal, 2024 forecast discussing how these benefis depend ces, skill and local e
£ g orecasting, iscussing how these benefits depend on resources, skills and local ecosystems.
z .. rather than isolated technical issues. location) that limit SME adoption of advanced digital technologies, directly relevan to | feasibilty.
5 |s|omcn.202 AT forecasting feasibility.
2
z Ofers rch, p insights into why AT projects stall or Documents organisational, data and cultral bariers that frms face when trying 10| Use here specifially for barries: data quality, Skills, integration, and change
succeed inside organisatons, implement Al-driven demand forecastng, including integration issues and scepticism |rsistance.
7 [Yones. 2025 about model outputs.
Frames Al-forecasting obstacles as stemming from he ineraction of complex models | Enphasises challenges around data complexity, generalisaion and imerpretabilty, | Highlight imbalanced data, validation challenges and the need for explainability as key
\with limited data, skils and validation capacity which are partcularly problemati for resource-constrained SME, {cchnical obstacles
8| Al-Karkhi & Rzadkowski, 2025
Supports your argument that easibilty depends o organisational eadiness, notjust | Identifies capability, culural and governance issues that condition whether AT delivers |Show how financial, tschnical and operational bariers chster ogether and require
ool availabilty. resilience benefits in SMEs. strategic oresight.
9 |Carayanis etal. 2025
Provides o conceptual basis for combining nternal capability bulding with cxlermal | Proposes foresight-driven, policy-supporied sratgics (o cmbed Al in SME resilicnce |Use for gradual, modular adoption and "
cosystem support and innovation paths. ccosystes
1| Carayanis et al., 2025 ystem supp Pt ¥
g Support the idea that SMEs can mitigat skills and resource gaps in Al forccasting | Demonstrates tha longer-erm collaborations, consuliancy and traming help SMEs | Use as empirical evidence that external technical assistance and long-erm
g, . by partnering with universites, technology hubs and specialst providers. urn digital data into value, offering a concrete mode for buikding Al-forccasting [collaborations help SMEs build analytics capabilitis and trn digital data into value;
3 2 [Mohamed & Weber, 2020 capabilitis. link to Carayannis et al. (2025) for the broader strategic foresight and AI framework.
3
P Provides the policy framevwork underpinning your recommendations on external | Oullines policy levers (Fnance schemes, traming, advisory services, ifrastructure | Use o back Tinancial support, reskilling programmes and
g o support for Al-forccasing implementation in SMEs. investment) that can close SME gaps and support adoption of advanced tools like Al |regional policy measures.
£ |3]orcn.20m forcusting
g Supports That SMEs pu purpose Al | Advocates explainable Al methods (e.2. SHAP, LIME) and model choices that maich | Use for the recommendation to employ explainable Al 0ols (¢.2. SHAP, LIME) so
H forccasting instead of maximising technical sophistication. forccasts usable for managers can trust and use forecasts.
Z | 4|ArKarkni & Raadkowski, 2025
2
Provides a practcal oadmap for reducing resistance and embedding Al tools in | Proposes a phased Al implementation cycle (discovery, design, deployment, Use with Stancombe et al. (2017) for a phased Al implementation roadmap
everyday decision-making in SMES. sustainment) with stzong business involvement and small xperimens, offering a[(discovery — design — deployment — susiainmen),
5 | Ledro et 2023 .
clear process model for introducing Al forceasting,




