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A B S T R A C T

Although environmental turbulence poses significant challenges for small and medium-sized enterprises

(SMEs), it also offers opportunities for them to thrive and compete. Scholars generally acknowledge the effec-

tiveness of dynamic capabilities (DCs) and artificial intelligence (AI) applications in responding quickly to

market uncertainties; however, their impact on boosting firm performance during real-time environmental

turbulence requires further investigation. To address this gap, this study examined the influence of environ-

mental turbulence on SME innovation using AI applications and DCs and how new opportunities can be lev-

eraged to maintain a competitive advantage. This study adopted a quantitative approach, and survey data

were collected from 487 managers and owners of SMEs that implemented DCs and AI during real-time envi-

ronmental turbulence. The results indicate that the elements of environmental turbulence influence SMEs’

implementation of both DCs and AI, acting as mediators between disruptive elements and enhancing firm

performance during challenging times. The theoretical and practical implications of these findings are dis-

cussed in depth.

© 2024 The Authors. Published by Elsevier España, S.L.U. on behalf of Journal of Innovation & Knowledge. This

is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Introduction

Small and medium-sized enterprises (SMEs) constitute the major-

ity of global companies and play a major role in providing jobs and

ensuring business development (Eggers, 2020). However, when a cri-

sis occurs, such as COVID-19 pandemic, the survival of SMEs becomes

even more challenging (Caballero-Morales, 2021). Environmental

turbulence related to a crisis can be caused by (a) a sudden shift in

demand, (b) the emergence of new technologies, or (c) an increase in

competition (Bodlaj & �Cater, 2019), all of which impact the survival

of vulnerable SMEs. According to McKinsey (2020), SMEs are more

susceptible to market uncertainty than larger companies because of

(a) demand and liquidity challenges, (b) inflexible supply chains and

operations, and (c) disproportionate SME representation in the sec-

tors that tend to be hit hardest by crises. The large-scale failure of

SMEs due to poor financial performance could put the global econ-

omy at risk (OECD, 2020); however, SMEs that recognize and act

upon opportunities provided by the crisis increase their chances of

survival. Firms with substantial investments in human capital and

dynamic capabilities (DCs) can exploit opportunities and rearrange

their resource base to be better positioned during a crisis (Dabi�c et

al., 2023).

A firm’s DCs are essential for taking advantage of the opportuni-

ties a changing business environment can offer. To gain an advantage,

firms must identify and respond to trends by leveraging their innova-

tive resources and establishing new strategies to exploit advanced

technologies supported by artificial intelligence (AI). AI refers to a

collection of technologies that provide machines with the ability to

perceive, comprehend, respond, and learn, and these capabilities not

only facilitate automation but also allow machines to display

mechanical, analytical, intuitive, and empathetic intelligence (Chi et

al., 2021). AI has altered the nature and scope of entrepreneurial

activity in SMEs (Hansen & Bøgh, 2021). SMEs that use AI-assisted

digital technology improve their competitive edge and efficiency

(Chan et al., 2019). SMEs can leverage AI applications for predictive

analytics to anticipate future trends, chatbots to improve customer

engagement, process automation to streamline operations, and rec-

ommendation systems to enhance SMEs’ ability to make timely deci-

sions. These AI applications help SMEs optimize logistics, reduce

costs, and improve their overall business performance (Khurana et

al., 2022). SMEs apply AI to track user behavior and provide guidance

and recommendations to enhance consumer purchase choices and

search results, enhance media communication, increase sales, lower

expenses, and improve performance (Hansen & Bøgh, 2021). Hence,
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AI enables SMEs to exploit their competitive advantages, especially

during environmental turbulence (Drydakis, 2022).

AI applications can stimulate new product and service develop-

ment, promote innovation for targeting products and services to

meet new market demands, improve infrastructure to reach more

customers, and enable business growth. Nevertheless, many SMEs

fail to adopt or implement technologies such as AI. This may be

largely attributed to the skill gap that hinders managers and workers

from identifying beneficial digital solutions for enhancing business

operations and fostering innovation. Furthermore, a financing gap

limits SMEs’ access to funds for intangible digital investments, which

can result in less funding for innovation, while an infrastructure gap

slows the deployment of up-to-date technologies, which further hin-

ders SME performance. Addressing these gaps is crucial for SMEs to

remain competitive. The recent environmental turbulence caused by

COVID-19 has highlighted the urgent need for SMEs to innovate,

adapt, and remain competitive (Drydakis, 2022). SMEs that have

invested in advanced technologies and innovative business models

have been better positioned to cope with weather crises, whereas

those that have not struggled (Abed, 2022). Innovation in AI applica-

tions and DCs is critical for SMEs in times of crisis because it enables

them to respond to new challenges and opportunities and find new

ways to create value. Moreover, innovation can help SMEs increase

their resilience and competitiveness in the face of future crises,

enabling them to experience long-term survival and growth (Khur-

ana et al., 2022).

Despite the importance of innovation for SMEs in times of crisis,

there remains a significant gap in understanding the factors that

drive innovation, specifically in AI applications, the proper deploy-

ment of DCs, and how they can be supported (Adam & Alarifi, 2021;

Drydakis, 2022; Hassani & Mosconi, 2022). Many SMEs face barriers

to innovation, such as a lack of resources, limited access to financing,

and a risk-averse culture. Moreover, there is a need to understand

how SMEs can effectively leverage different types of innovation, such

as product, process, and business model innovation, to improve their

performance and competitiveness (Drydakis, 2022).

At this point, some business units depend on a human workforce

for their operations. However, business activities that use AI are

more efficient. A previous study on AI applications examined only

stable environments (Kumar & Kalse, 2021), and recent studies exam-

ining turbulent environments did not use a quantitative approach

(Hansen & Bøgh, 2021; Sharma et al., 2022). Kumar and Kalse (2021)

demonstrate the importance of validating the effect of AI on manag-

ing challenges that occur during a crisis and identifying opportunities

to enhance performance. However, successful AI applications require

the utilization of DCs during environmental turbulence to remain

competitive and survive (Drydakis, 2022). SMEs must provide excep-

tional services to ensure customer satisfaction, brand loyalty, profit-

ability, and growth (Drydakis, 2022), which requires innovative

solutions such as AI. Nyamrunda and Freeman (2021) concluded that

SMEs in different industries and sectors must employ different strate-

gies to obtain the best DC outcomes. To ensure the optimal DC perfor-

mance in uncertain business environments (Drydakis, 2022), owners

and managers of a particular type of business must clearly under-

stand their company’s market stance rather than rely on one formula

for success. In contrast, the findings of Bashir et al. (2023) on the

effectiveness of DCs suggest that DC implementation does not guar-

antee a firm’s success during environmental turbulence; however,

this conclusion requires further investigation.

This study determines whether implementing DCs and AI applica-

tions enhances SME performance during environmental turbulence.

DCs enable firms to identify and seize opportunities for innovation,

which can lead to sustained competitive advantages, and AI can help

SMEs gather and analyze customer data to identify emerging trends

and develop new products and services that meet changing customer

needs and be used to automate routine tasks and free up resources

for strategic planning (Zahoor et al., 2022). Hence, this study exam-

ines the critical role of innovation in the survival and growth of SMEs

in terms of DC deployment and AI applications during environmental

turbulence. It also explores whether such firms can leverage DCs and

AI applications to exploit the opportunities environmental turbu-

lence provides. Most investigations have concentrated on how envi-

ronmental turbulence leads to SME failure (Nyamrunda & Freeman,

2021) rather than on the opportunities it creates for SMEs to compete

and survive (Weaven et al., 2021). Furthermore, this study provides

updated information on how SMEs respond to crises in developing

countries such as the United Arab Emirates (UAE), which is lacking in

previous research (Rohrbeck et al., 2015).

The literature review employed in this research captures the

influence of environmental turbulence on the mobilization of DCs

and AI applications and their role in overcoming challenges and

leveraging opportunities to boost performance. The methods are

described, and the data are analyzed and interpreted. Finally, we dis-

cuss the study’s drawbacks and suggest avenues for subsequent

research.

Theoretical background and hypotheses

Dynamic capability theory

The literature on effective business responses to acute market cri-

ses emphasizes improving managerial practices as a survival mecha-

nism (Wang et al., 2020). The resource-based view (RBV) stresses a

company’s managerial strategies and the resources and knowledge

that businesses can use to maintain profitability in highly competitive

markets. Firms allocate strategic resources differently in ways that

persist over time (Weaven et al., 2021). Thus, company managers

gain a competitive edge by acquiring high-value resources that can

be utilized in unique ways difficult for competitors to replicate

(Masiello & Izzo, 2019). However, a firm’s success is not only based

on resource allocation but also includes strategic planning and imple-

mentation in response to political events, changing markets, and the

overall health of the business sector (Bashir et al., 2023). The mere

existence of certain resources is not sufficient to ensure that a com-

pany remains profitable or survives (Heredia et al., 2022). Due to

their small size and resource limitations, SMEs face greater difficul-

ties than large companies during economic downturns. Although

knowledge resources are important during turbulent conditions, the

RBV alone does not adequately account for an SME’s competitive

advantage in a crisis market (Garcia Martinez et al., 2019). To survive

crises, SMEs must be able to reconfigure their assets into effective

tools.

DCs were developed to address the limitations of the RBV. DC is

defined as “a firm’s processes that integrate, reconfigure, gain and

release resources to match and even create market change” (Eisenhardt

& Martin, 2000, p.1107). DCs are part of the procedures that manage-

ment routinely uses for a firm’s operations, enabling it to tune its

resource base (Teece, 2018). Collins (2021) categorized DCs into three

areas: (a) assessment of an opportunity or threat, (b) utilization of

resources to exploit an opportunity or respond to a threat value, and

(c) acquisition and allocation of resources and modification of organi-

zational procedures to meet changing market needs.

Weaven et al. (2021) consider the DC view to be important for

studying SME behavior during an economic downturn, which can sig-

nificantly impinge on business and infrastructure, damage the supply

chain, increase unemployment, reduce customer demand, and raise

costs. SMEs face greater resource constraints relative to large enter-

prises because they rely more on nearby and specialty markets and

have few options for relocation (Cassetta et al., 2020). Consequently,

under mutable and unstable conditions, an SME’s ability to overcome

difficulties and seize opportunities for growth is determined by the

abilities of employees and managers (Khurana et al., 2022). This often
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involves reallocating resources from unproductive DCs to develop

sustainable practices that align with existing needs.

Influence of market turbulence on AI applications and DC

Market turbulence (MT) is an element of environmental turbu-

lence that reflects changing consumer needs. Previous research has

recognized that MT affects a firm’s capabilities and explored strate-

gies that SMEs can adopt to overcome these negative effects (Dayan

et al., 2019). SMEs have limited resources and view environmental

instability as a threat (Weaven et al., 2021). Additionally, SMEs rely

on their small size to maintain closeness with customers, which

allows them to respond quickly to changing needs through direct

interactions (Hassani & Mosconi, 2022). Bodlaj and �Cater (2019) have

emphasized that MT motivates firms to implement new digital tech-

nology and marketing strategies to differentiate themselves from

others in the market and enhance their competitiveness. By using AI

applications such as big data analytics, cloud computing, AI-enabled

apps, intelligent decision systems, QR codes, chatbots, sales prioriti-

zation systems, cash flow forecasting, cyber security, and human

resource service operations during MT, SMEs can enhance their com-

petitiveness and outperform non-adopters in terms of sales revenue,

profitability, and productivity (Sharma et al., 2022).

Katz et al. (2020) showed that in previous crises, MT influenced

SMEs’ implementation of digital technology, including AI. The imple-

mentation addressed the challenges brought about by the crisis and

the ability to identify potential opportunities to survive such chal-

lenging moments. MT occurs due to sudden shifts in customer

demand, and according to Chamola et al. (2020), AI applications are

harmonized with such changes as they can strengthen resilience,

organize information, and aid decision-making during uncertain

times, as well as enhance SMEs’ capacities via more accurate forecast-

ing of market trends and consumer demands (Sharma et al., 2022).

However, Drydakis (2022) has argued that only acquiring AI applica-

tions can lead to risk and misuse by SMEs, hindering significant

improvements in performance and competitiveness. Kumar and

Kalse (2021) demonstrated how difficult, costly, and time-consuming

it is for SMEs to apply AI because of limited personnel and resources.

Bodlaj and �Cater (2019) argued that SMEs tend to respond to oppor-

tunities, customer queries, and changing needs more quickly than

large organizations. Based on these findings, the following hypothesis

is proposed:

H1a.MT has a positive influence on SMEs’ AI applications.

AI applications and DCs are harmonized to influence firms’ perfor-

mance-enhancing capabilities (Drydakis, 2022). Haarhaus and Lien-

ing (2020) concluded that, with the occurrence of MT, strategic

implementation of DCs enhances the ability of firms to identify new

opportunities and avoid risks, enabling them to apply their skills to

adapt to a changing business climate. Schilke et al. (2018) argued

that DCs are especially useful during MT, in which a firm must strate-

gically alter its approach to maneuver safely in a shifting business

landscape. Vrontis et al. (2020) explained that DC exploitation should

be viewed as an integrated method for exploiting newmodes of com-

petition such as AI (Kalubanga & Gudergan, 2022). Nyamrunda and

Freeman (2021) maintained that a firm’s DCs will improve its ability

to compete by adapting to continuing changes in customer demands.

The more verifiable the market information a firm obtains, the better

the position it would be to seize the next opportunity (Vrontis et al.,

2020); however, in a crisis, most SMEs still tend to restrict invest-

ment in DCs and avoid forming liaisons with others (Cuevas-Vargas

et al., 2022). Shams et al. (2021) argue that DCs provide directions for

acquiring, assimilating, and reconfiguring internal and external

knowledge to respond to market shifts with agility and creativity.

Based on these findings, the following hypothesis is proposed:

H1b.MT has a positive influence on SMEs’ DCs.

Influence of competitive intensity on AI applications and DCs

Competitive intensity (CI), another factor of environmental turbu-

lence, increases the volatility of environmental turbulence and is a

measure of the pressure from competitors a firm faces (Lyu et al.,

2022). When competition is aggressive, a firm must struggle to main-

tain its advantage over other companies when marketing its products

and services to the same consumer base. However, under such cir-

cumstances, firms can meet customer needs in several ways (Heredia

et al., 2022). Given that CI can be viewed not only as a crisis but also

as a new opportunity for SMEs, a product or service differentiation

strategy may be successful. Firms must be innovative to quickly

respond to customer needs by developing new products and

enhanced services and leveraging existing opportunities to remain

competitive (Heredia et al., 2022).

SMEs follow complex growth paths to bolster their performance

during challenging moments to keep up with evolving technological

innovations, such as AI (Drydakis, 2022). However, Hansen and Bøgh

(2021) argued that SMEs are constrained by a lack of resources and

limited awareness to implement AI. Drydakis (2022) illustrated that

AI implementation requires awareness, skills, and capabilities rather

than only considering whether the technology has been adopted.

Kumar and Kalse (2021) found that in uncertain times, AI applications

assist SMEs in recognizing changes in consumer behavior and enable

them to capitalize on relevant opportunities to improve and create

new products and services. Warner and W€ager (2019) argued that

SMEs with AI applications can take advantage of limited resources to

adapt to intense competition and remain financially healthy. Based

on these findings, the following hypothesis is proposed:

H2a. CI has a positive influence on SMEs’ AI applications.

The literature lacks an in-depth understanding of the complex

management processes that enable firms to successfully develop new

products and services when facing intense competition (Lyu et al.,

2022). Haarhaus and Liening (2020) reported that firms’ implementa-

tion of DCs during intense competition in volatile environments is

widely regarded as more valuable, as it enhances firms’ speed and

efficiency in responding to a crisis by exploiting revenue-enhancing

opportunities. DCs positively affect competitiveness by facilitating

innovation and tailoring resource allocation to meet the needs of

dynamic situations. However, most studies have been conducted dur-

ing stable economic periods, making the true effectiveness of DCs

uncertain Adomako et al. (2022).

Tajvidi and Karami (2021) showed that although SMEs are vulner-

able to economic downturns, they demonstrate resilience and high

levels of adaptability and flexibility. Bashir et al. (2023) found that,

during times of intense competition, SMEs implementing DCs are

motivated to develop effective marketing strategies, giving them

unique competitive advantages. When SMEs seize opportunities and

act strategically in highly competitive environments, the advantages

created are likely to produce superior financial performance, as they

differentiate themselves from competitors. SMEs operate differently

and are more susceptible to aggressive competition than large corpo-

rations. Consumers have many alternatives, and switching companies

is easy (Ferreira et al., 2020). Businesses must constantly monitor

market trends and customer needs to maintain loyalty. The effective

implementation of DCs is a good way for a firm to remain competi-

tive, especially in an unstable situation. Thus, the following hypothe-

sis is proposed:

H2b. CI has a positive influence on SMEs’ DCs.

Role of AI applications and DCs in SME performance

Hansen and Bøgh (2021) found that SMEs could thrive by utilizing

AI applications to cut costs and enhance decision-making, informa-

tion accessibility, and communication, as well as achieve more flexi-

bility and reactivity to MT. Drydakis (2022) concluded that SMEs that
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fail to respond to sudden shifts in customer demand and do not lever-

age DCs with AI applications because of a lack of resources, skills, and

capabilities have a lower chance of survival. Sharma et al. (2022)

found that SMEs that follow strategies aligned with changing cus-

tomer demands during intense competition and can apply the latest

digital technology can substantially increase their chances of survival.

According to Hansen and Bøgh (2021), AI applications can aid SMEs in

gaining market share, increasing overall productivity, developing

new products and services, staying connected to customer demands,

and retaining stability in changing markets. AI applications increase

SMEs’ operational efficiency, inventory management, and personnel

coordination, resulting in more competitive financial positions.

According to Kumar and Kalse (2021), AI applications primarily

enhance SMEs’ efficiency and significantly increase their competi-

tiveness and financial advantage. Thus, the following hypothesis is

proposed:

H3. AI applications have a positive influence on SME firm perfor-

mance.

Most studies have reported that DCs positively influence competi-

tiveness. Zahoor et al. (2022) showed that, by improving resource uti-

lization, DCs allow firms to reconfigure their assets in line with a

changing environment. Motta and Sharma (2020) found that DCs are

essential for overcoming resource constraints and achieving sustain-

ability during crises. By implementing DCs, SMEs can convert resour-

ces into competitive advantages (Fainshmidt et al., 2019) and

enhance their competitiveness by increasing growth, sales, and prof-

its (Sharma et al., 2022). Furthermore, Heredia et al. (2022) concluded

that DCs enhance a firm’s financial performance, competitiveness,

and sustainability. However, researchers do not agree on the advan-

tages that accrue from deploying DCs. Studies have emphasized the

limitations of DCs in successfully promoting flexibility and concluded

that not all firms need to initiate change through DCs (Teece, 2018).

Wamba et al. (2017) posited that the value of DCs depends on the

existing policies of the firm, as well as the context in which they are

implemented. Wang et al. (2015) argued that MT and CI stimulate

firms’ application of DCs. Irrespective of a firm’s starting point, the

more DCs available to it, the more proactive it will be in monitoring

competition, the more aggressive it will be in acquiring data, and the

better positioned it will be to respond to environmental turbulence

(Heredia et al., 2022). Thus, the following hypothesis is proposed:

H4. DCs have a positive influence on SME performance.

The hypotheses stating the relationships between the variables

are presented in Fig. 1.

Research methods

Study area

This study was conducted in the UAE. Although the UAE com-

prises seven federal emirates, this study was conducted only on the

emirates of Abu Dhabi, Dubai, and Sharjah, which are the largest in

terms of population and GDP (UAE Government, 2022). The SMEs

operating in trade, industries, and services were chosen for this study

because they resemble the overall SME sectors in the UAE (UAE Gov-

ernment, 2020). The emirates selected for this study view SMEs as

contributors to their economies, which have been hindered by the

COVID-19 crisis.

Development of measures

A questionnaire was designed to gather research and demo-

graphic data. The items and indicators used in this study are listed in

Table 1. The measured latent variables included CI and MT, both inde-

pendent variables, each with six items drawn from previous research

(Jaworski & Kohli, 1993) as a first-order formative construct on a 6-

point Likert scale. This was followed by the measurement of DCs,

comprising four dimensions (sensing, learning, integrating, and coor-

dinating capabilities) and 18 total items as a second-order formative

construct measured on a 7-point Likert scale for sensing capabilities

and a 6-point Likert scale for learning, integrating, and coordinating

capabilities. All DC values were derived based on Teece (2007). AI

applications comprising ten items were taken from Drydakis (2022)

Fig. 1. Conceptual framework.
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as a first-order construct on a 7-point Likert scale. The measurement

of firm performance, pertinent to the financial performance, com-

prised five items and was derived from Bhatti et al. (2021) as a first-

order reflective construct. The second section of the questionnaire

focused on businesses’ demographic characteristics that served as

control variables in the model: category/sector, establishment year,

and company size (small/medium).

Data collection and sample size

The UAE has 350,000 SMEs, with the majority located in the Emi-

rates of Abu Dhabi, Dubai, and Sharjah (UAE Government, 2020).

From this population, 1762 firms were selected as the target group,

based on their usage of AI applications in areas such as sales and mar-

keting, conversational commerce, customer service support, data

Table 1

Indicators/items of research constructs.

Construct Indicators/Items Reflective / Formative

Market

Turbulence (Jaworski & Kohli, 1993)

LOC

MT1: In our kind of business, customers’ service and product preferences change quite a bit over

time.

Formative

MT2: Our customers tend to look for new services and products all the time.

MT3: Sometimes our customers are very price-sensitive, but on other occasions, price is relatively

unimportant.

MT4: We are witnessing demand for our services and products from customers who have never

bought them before.

MT5: New customers tend to have service/product-related needs that are different from those of

our existing customers.

MT 6: We cater to many of the same customers that we used to in the past.

Competitive Intensity (Jaworski & Kohli, 1993)

LOC

CI1: Competition in our industry is cutthroat. Formative

CI2: There are many "promotion wars" in the tourism industry.

CI3: Anything that one competitor can offer, others can match readily.

CI4: Price competition is a hallmark of the tourism industry.

CI5: One hears of a new competitive move almost every day.

CI6: Our competitors are relatively strong.

Dynamic Capabilities

(Teece, 2007)

HOC

Sensing Capabilities:

SC1: We frequently scan the environment to identify new business opportunities.

Formative

SC2: We periodically review the likely effect of changes in our business environment on customers.

SC3: We often review our service development efforts to ensure they are in line with what custom-

ers want.

SC4: We spend a great deal of time implementing ideas for new services and improving our exist-

ing services.

Learning Capabilities:

LC1: We have effective routines to identify, value, and import new information and knowledge.

LC2: We have appropriate routines to assimilate new information and knowledge.

LC3: We are effective in transforming existing information into new knowledge.

LC4: We are effective in utilizing knowledge in new services

LC5: We are effective in developing new knowledge that has the potential to influence service

development.

Integrating Capabilities:

IC1: We are forthcoming in contributing our individual input to the group.

IC2: We have a global understanding of each other’s tasks and responsibilities.

IC3: We are fully aware who in the group has specialized skills and knowledge relevant to our

work.

IC4: We carefully interrelate our actions to each other to meet changing conditions.

IC5: Group members manage to successfully interconnect their activities.

Coordinating Capabilities:

CC1: We ensure that the output of each employee’s work is synchronized with that of the rest of

the group.

CC2: We ensure an appropriate allocation of resources (e.g., information, time, reports) among our

employees.

CC3: Employees are assigned tasks that are commensurate with their relevant knowledge and

skills.

CC4: We ensure that there is compatibility between teammembers expertise and work processes.

CC5: Overall, our employees are well coordinated.

AI Applications (in Business)

(Drydakis, 2022)

LOC

AI1: Our company uses AI applications to collect information in relation to customers’ online pur-

chase history, types of online transactions, and digital footprint.

Reflective

AI2: Our company uses AI applications to offer personalized shopping suggestions.

AI3: Our company uses AI applications to online target audiences

AI4: Our company uses AI applications to offer immediate answers to customers.

AI5: Our company uses AI applications to offer cash flow forecasting

AI6: Our company uses AI applications to collect information on other firms’ (competitors) product

assortments, i.e., pricing, offers, sales, and PR activities.

AI7: Our company uses AI applications to combat fake product reviews.

AI8: Our company uses AI applications to protect data, customers’ privacy, and improve

cybersecurity

AI9: Our company uses AI applications for legal services

AI10: Our company uses AI applications for recruitment and HR activities

Firm Performance

(Bhatti et al., 2021)

LOC

FP1: Customer retention Reflective

FP2: Sales growth

FP3: Profitability

FP4: Return on investment

FP5: Overall financial performance

Notes: HOC = higher-order constructs; LOC = lower-order constructs.
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analytics, sustainable development, credit evaluations, risk assess-

ments, cybersecurity, legal services that improve quality optimiza-

tion, operational efficiencies, and overall SME development, as

identified based on information available online. The remaining

SMEs were omitted because their information was unavailable and

some had closed due to the pandemic. Probability sampling was used

in this study. Owners and managers were randomly selected using a

stratified procedure/sampling based on SME-defined categories in

industry, trade, and services (Weaven et al., 2021). For SMEs operat-

ing in different sectors, stratified sampling ensures that the sample is

representative of the overall population, accounts for differences

between sectors, addresses potential biases in the sample selection

process, and increases the accuracy and reliability of research find-

ings (Zhao et al., 2019). Study respondents were approached during

the peak period of the COVID-19 pandemic using a questionnaire

written in English, and all participants provided informed consent. Of

those approached, only 487 responded to the questionnaire. Inverse-

square-root and gamma-exponential approaches were used to esti-

mate the minimum sample size using partial least-squares structural

equation modeling (PLS-SEM) (Kock & Hadaya, 2018). The ten-fold

rule for determining a study’s sample size can be inaccurate, whereas

PLS-SEM has proven to be fundamental in determining sample size

(Hair et al., 2022). For a statistical power of 80 %, the inverse square

root and gamma exponential approaches yielded minimal sample

sizes of 160 and 146, respectively. Therefore, the sample of survey

respondents was an acceptable number considering what is required

to reach a statistical power of 80 % (Fig. 2).

Control variables and endogeneity

The control variables included the establishment year, company

size (Li & Rees, 2021), and SME category (Guo et al., 2018). The estab-

lishment year was used to determine whether business performance

varied with company age. The number of employees in the business

was used to indicate firm size (small or medium) in accordance with

the definition of an SME (Abu Dhabi Chamber of Commerce, 2019).

Finally, this study used several categories of SMEs to identify the vari-

ous techniques they employed in each targeted category. By includ-

ing control variables, endogeneity concerns were addressed to

prevent erroneous results owing to company and industry heteroge-

neity (Guenther et al., 2023).

Data analyses

Demographics

Data were collected from the managers and owners of SMEs in

Abu Dhabi, Dubai, and Sharjah (Table 2). Of the total SMEs, 32.4 %

(158) were operating in the industrial sector, 34.1 % (166) in the ser-

vice sector, and 33.5 % (163) in the trading sector. Regarding firm

size, 71 % (346) were small firms (≤ 50 employees) and 29 % (171)

were medium-sized firms (51−200 employees). As shown in Table 3,

neither the skewness nor the kurtosis exceeded the range of �1 to

+1, indicating data normality (Hair et al., 2022).

Model assessment

The model assessment involved two main steps. First, the mea-

surement model assessment for reflective and formative constructs

required the use of PLS-SEM by SMART PLS version 3, given its suit-

ability for formative constructs and complex models with a large

number of items (Hair et al., 2022). Furthermore, it allows unre-

stricted computation of models composed of “reflective” and “forma-

tive” measurement models (do Valle & Assaker, 2016). The

measurement models were analyzed to determine the correlations

between the indicators and constructs to evaluate the PLS-SEM

results. Reflective and formative constructs have different criteria.

Second, after the measurement model criteria were met, the struc-

tural models were examined (Hair et al., 2022).

Assessing the formative and reflective measurement models

The measurement criteria differed between the formative and

reflective models (Tables 4 and 5). For the formative model, a three-

step process was used to evaluate the first- and second-order mea-

surement models (Hair et al., 2022): (i) multicollinearity, (ii) con-

struct validity (outer weights), and (iii) indicator reliability (outer

loadings). The variance inflation factor (VIF) was used to determine

collinearity between formative predictors. As suggested by Hair et al.

(2022), VIF values should be lower than 5, and, ideally, lower at 3.3.

The inner VIFs for the first- and second-order measurement models

confirmed that this study did not suffer from multicollinearity. Then,

using 10,000 bootstrap samples and estimating Mode B, the bias-cor-

rected and accelerated (BCa) bootstrapping approach was used to

examine the significance of the outer weights and outer loadings

(Streukens & Leroi-Werelds, 2016). As Table 4 shows, all outer

weights and loadings were significant, except for IC5; however, we

did not remove them because their loadings were statistically signifi-

cant (Hair et al., 2022).

Fig. 2. Minimum sample size estimation.

Table 2

SMEs demographics.

Demographic Frequency Percentage

SME Sector

Industrial 158 32.4

Services 166 34.1

Trade 163 33.5

SME Size

Small 346 71.0

Medium 141 29.0
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After the first- and second-order formative measurement models

were evaluated, a reflective measurement model was developed.

Internal consistency and convergent and discriminant validity crite-

ria were used to evaluate the quality of the measurement models

(Hair et al., 2022). Convergent validity was assessed using outer

loadings, and average variance was calculated (AVE). As suggested

by Hair et al. (2022), although the outer loading must be > 0.708,

items with loading values from 0.40 to 0.70 should be considered

for deletion only if eliminating them increases the AVE or composite

reliability (CR) beyond the proposed threshold value. All compo-

nents with loadings < 0.708 were retained because their removal

had no discernible effect on the constructs’ AVE and CR, except for

AI3, AI4, and AI10, which were removed. As Table 5 shows, internal

consistency reliability and convergent validity were confirmed

because the AVE, CR, and Cronbach’s a values were greater than the

required thresholds of 0.5 (AVE) and 0.7 (CR and a) (Guenther et al.,

2023). The square root of the AVE for each construct was higher

than the correlation coefficients for that construct. Thus, discrimi-

nant validity was proven (Hair et al., 2022). Additionally, the hetero-

trait-monotrait (HTMT) values were below the 0.90 threshold

(Henseler et al., 2015).

Common-method bias

Common method bias (CMB) can significantly impair the validity

of findings when data are collected from the same source simulta-

neously (Pavlou & El Sawy, 2006). To reduce CMB, several a priori

and post hoc steps were taken (Cegarra-Navarro et al., 2016). The

questionnaire was initially tested by 50 respondents who were not

included in the final group to identify ambiguities and misconcep-

tions in the questionnaire’s syntax or vocabulary and the use of posi-

tive and negative item phrasing (Hussain & Papastathopoulos, 2022).

Second, respondents’ anonymity and confidentiality were main-

tained by omitting their personal information.

Assessing the structural model

When the measurement model was suitable, a structural model

was evaluated as follows to assess the PLS-SEM findings. The coeffi-

cient of determination (R2), blindfolding-based cross-validated

redundancy measure Q2, and statistical significance and relevance of

the path coefficients should all be addressed (Table 6). Collinearity

must be examined before measuring structural relationships to

Table 3

Descriptive analysis.

HOC LOC Item Mean Standard Deviation Skewness Kurtosis

Market Turbulence MT1 4.589 0.688 0.209 0.107

MT2 4.647 0.769 0.126 �0.247

MT3 4.610 0.819 �0.029 �0.539

MT4 4.522 0.711 �0.007 0.343

MT5 4.604 0.781 �0.087 �0.122

MT6 4.593 0.750 0.325 �0.511

Competitive Intensity CI1 4.489 0.816 0.162 �0.271

CI2 4.606 0.923 �0.147 �0.532

CI3 4.446 0.796 0.056 0.056

CI4 4.450 0.859 0.108 �0.160

CI5 4.485 0.858 �0.207 0.090

CI6 4.487 0.793 �0.329 1.310

Dynamic Capabilities Sensing Capabilities SC1 4.979 0.909 �0.025 0.103

SC2 4.961 0.947 0.078 �0.149

SC3 4.984 1.060 0.054 �0.490

SC4 5.049 0.959 0.309 �0.427

Learning Capabilities LC1 4.614 0.756 �0.003 1.163

LC2 4.622 0.781 �0.059 �0.010

LC3 4.694 0.774 �0.185 0.239

LC4 4.526 0.816 �0.094 �0.268

LC5 4.626 0.796 �0.112 0.445

Integrating Capabilities IC1 4.600 0.733 �0.033 0.056

IC2 4.536 0.830 �0.342 0.453

IC3 4.561 0.844 �0.325 0.873

IC4 4.630 0.808 �0.358 1.451

IC5 4.602 0.760 0.020 �0.388

Coordinating Capabilities CC1 4.577 0.760 0.147 �0.425

CC2 4.595 0.795 �0.131 0.216

CC3 4.548 0.727 �0.136 1.014

CC4 4.583 0.723 0.166 �0.177

CC5 4.710 0.759 �0.056 �0.267

AI Applications AI1 4.971 1.125 �0.387 0.308

AI2 4.879 1.162 �0.166 �0.076

AI3 4.873 1.050 0.139 �0.198

AI4 4.988 1.014 0.025 �0.475

AI5 4.883 1.098 �0.599 1.643

AI6 5.043 0.928 0.101 �0.317

AI7 4.990 1.055 �0.138 0.327

AI8 4.998 0.993 �0.072 0.015

AI9 4.992 1.058 0.037 �0.277

AI10 5.039 1.000 �0.016 �0.239

Firm Performance FP1 4.727 0.832 �0.098 �0.423

FP2 4.793 0.900 �0.378 �0.440

FP3 4.737 0.832 �0.294 0.000

FP4 4.715 0.869 �0.148 �0.516

FP5 4.749 0.858 �0.183 �0.463

Notes: HOC = higher-order constructs; LOC = lower-order constructs.
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ensure that it does not bias the regression findings evaluated by

investigating the VIFs of the predictor constructs (Hair et al., 2022).

The results showed that all VIFs were < 3.3, indicating that collinear-

ity was not an issue. The significance of the path coefficients was

determined for hypothesis testing considering the constructs’ posi-

tive effects and mediating roles. Using 10,000-sample bootstrapping,

the structural model was confirmed to have significant relationships.

For the structural model, the results support the hypothesis of a sig-

nificant positive influence of MT on AI (b = 0.389, p < 0.001), MT on

DC (b = 0.582, p < 0.001), CI on AI (b = 0.305, p < 0.001), CI on DC (b =

0.307, p < 0.001), AI on FP (b = 0.228, p < 0.001), and DC on FP (b =

0.321, p < 0.001). The path coefficients for all direct effects are sup-

ported. DC has an indirect effect between CI and FP (b = 0.100,

p = 0.001) and MT and FP (b = 0.189, p < 0.001), while AI has an indi-

rect effect on CI and FP (b = 0.069, p = 0.005), and MT and FP (b =

0.087, p < 0.001), revealing a dual mediation effect. Thus, all hypothe-

ses of this study are supported. Regarding the control variables, SME

size, sector, and establishment year did not significantly influence FP.

Variance (R2) is explained and represented in each of the endoge-

nous constructs and is, hence, a measure of the model’s explanatory

power (Streukens & Leroi-Werelds, 2016). R2 is the in-sample predic-

tive power ranging from 0 to 1, with higher values indicating greater

explanatory power. R2 values of 0.75, 0.50, and 0.25 can be consid-

ered substantial, moderate, and weak, respectively (Hair et al., 2022).

The R2 values were within this range, indicating substantial predic-

tive power. The predictive accuracy of the PLS path model was

assessed by calculating the Q2 value (Ringle et al., 2020). This metric

is based on the blindfolding process, which removes single points

from the data matrix, imputes the removed points with the mean,

and then estimates the model’s parameters. Therefore, Q2 is not con-

sidered a measure of out-of-sample prediction; instead, it combines

aspects of out-of-sample prediction and in-sample explanatory

power (Sarstedt et al., 2019). Hair et al. (2022) recommend blindfold-

ing as a tool to identify a model’s predictive performance; 5−10

read-out was deemed reliable and provided the sample size. AI, FP,

and DC showed results below the threshold and were therefore pre-

dicted as eliminated datapoints.

Discussion and conclusions

Research on environmental turbulence and innovation opportuni-

ties for SMEs has increased in recent years (Weaven et al., 2021).

However, few studies have aimed to test the influence of environ-

mental turbulence on SME innovation by utilizing digital technolo-

gies such as AI and leveraging firms’ capabilities, such as sensing,

learning, integrating, and coordinating capabilities, as part of DCs to

enhance firm performance during a crisis. Hence, this study is among

the first to conduct a comprehensive quantitative investigation into

the influence of environmental turbulence (MT and CI) on SME inno-

vation, and how they leverage firms’ capabilities of sensing (to recog-

nize, analyze, and seize opportunities), learning (to update current

operational knowledge), coordinating (to integrate new knowledge

Table 4

Assessment of formative measurement model.

i. LOC

Items Outer weights t value p value Outer loadings VIF Deleted Items

MT1 0.350 6.625 0.000 0.679 1.336 All items were kept

MT2 0.383 7.432 0.000 0.582 1.130

MT3 0.258 5.588 0.000 0.536 1.155

MT4 0.244 5.168 0.000 0.546 1.177

MT5 0.209 4.386 0.000 0.607 1.271

MT6 0.232 4.683 0.000 0.606 1.246

CI1 0.314 4.138 0.000 0.742 1.454

CI2 0.204 3.132 0.002 0.673 1.420

CI3 0.142 2.119 0.034 0.535 1.240

CI4 0.157 2.228 0.026 0.621 1.373

CI5 0.286 4.187 0.000 0.752 1.503

CI6 0.311 3.756 0.000 0.775 1.586

SC1 0.406 5.674 0.000 0.786 1.411

SC2 0.392 6.740 0.000 0.746 1.285

SC3 0.243 3.200 0.001 0.674 1.425

SC4 0.290 4.229 0.000 0.776 1.670

LC1 0.281 4.413 0.000 0.688 1.472

LC2 0.259 4.461 0.000 0.569 1.151

LC3 0.306 5.734 0.000 0.587 1.129

LC4 0.472 7.315 0.000 0.764 1.207

LC5 0.197 3.059 0.002 0.602 1.401

IC1 0.205 3.155 0.002 0.591 1.260

IC2 0.360 5.566 0.000 0.724 1.289

IC3 0.204 3.523 0.000 0.470 1.134

IC4 0.545 8.147 0.000 0.835 1.363

IC5 0.119 1.911 0.056 0.568 1.310

CC1 0.201 3.038 0.002 0.599 1.267

CC2 0.272 4.291 0.000 0.629 1.251

CC3 0.439 6.473 0.000 0.735 1.215

CC4 0.390 6.924 0.000 0.729 1.307

CC5 0.157 2.141 0.032 0.647 1.431

ii. HOC

HOC LOC Outer weights t value p value Outer loadings VIF Deleted Items

SC 0.371 0.375 0.000 0.817 1.641 All LOC were kept

DC LC 0.220 0.213 0.002 0.817 2.100

IC 0.412 0.411 0.000 0.873 2.047

CC 0.202 0.200 0.006 0.786 1.935
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into operational capabilities via the use of collaborative reasoning),

and integrating (to alter operational capabilities by deploying tasks,

resources, and activities), which are DCs, along with AI applications

to exploit opportunities created from these turbulent factors.

According to Drydakis (2022), SMEs should utilize AI to support

their business operations in areas such as (i) sales and marketing to

improve customer targeting based on their habits, social media activ-

ities and profiles, online activities, and past transactions to develop

more efficient interactions; (ii) conversational commerce such as

chatbots or virtual assistants to facilitate online conversations

between businesses and their customers; (iii) customer service sup-

port to help SMEs provide quick and efficient support to their cus-

tomers; (iv) data analytics to analyze large amounts of data and gain

insights into customer behavior, market trends, and business perfor-

mance; (v) sustainable development to identify opportunities for sus-

tainable development by analyzing environmental data and

predicting trends; (vi) credit evaluation to assess the creditworthi-

ness of potential borrowers; (vii) risk assessment to identify and

manage risks more effectively by analyzing data from various sour-

ces; (viii) cybersecurity to protect SMEs’ digital assets from cyber

threats; and (x) legal services to streamline legal processes and

reduce legal costs by automating routine tasks. AI applications help

improve SMEs’ quality optimization, operational efficiency, and over-

all development during environmental turbulence.

The results show the positive effects of MT and CI on AI applica-

tions and DC utilization, both of which play positive mediating roles

in enhancing firm performance to maintain competitiveness during

crises. This study’s findings are consistent with those of previous

studies (Bodlaj & �Cater, 2019) in that environmental turbulence ele-

ments (MT and CI) provide opportunities for SMEs to thrive and sur-

vive economic downturns if digital technologies are strategically

implemented through the proper utilization of a firm’s capabilities.

Challenging the findings of Eggers (2020) that environmental turbu-

lence threatens the survival of SMEs owing to their limited resources,

the results of this study show that SMEs utilizing AI applications and

leveraging sensing, learning, integrating, and coordinating capabili-

ties are competitive, thereby enabling their survival. In addition, the

findings are tangible, given that the context of this research relates to

the COVID-19 crisis. Firm performance outputs were measured from

the financial performance aspect to quantify financial health in terms

of profitability, sales growth, return on investment, and customer

retention.

In contrast to the findings of previous studies (Fainshmidt et al.,

2019; Wang et al., 2015) that firms with DC have limited resources

during environmental turbulence and are pressured to survive, this

study found that SMEs that leverage DCs through sensing, learning,

integrating, and coordinating capabilities are effective during real-

time crises. The results also challenge those of Senivongse et al.

(2019), who reported that DCs are only appropriate in stable as

opposed to turbulent environments, as this study demonstrates that

DCs are influenced by environmental turbulence elements, enhance

firm performance, and play a mediating role between both.

This study indicates that SMEs are influenced by environmental

turbulence to become more innovative in terms of utilizing capabili-

ties and implementing AI despite a lack of resources. AI and DCs

enable SMEs to adapt to unforeseen circumstances, implying that

firms employ digital technologies to fulfill new needs, pivot their

company operations quickly, increase efficiency, and mitigate busi-

ness risks caused by crises (Garbellano & Da Veiga, 2019). Addition-

ally, these technologies help SMEs identify new opportunities,

capitalize on them, and adapt operational procedures in response to

sudden and unexpected changes (Warner & W€ager, 2019). This also

shows that irrespective of whether a crisis has occurred, SMEs should

continuously adapt to changing environments and maintain their

competitive edge over other businesses within each sector.

Theoretical implications

This study contributes substantially to the literature on the influ-

ence of environmental turbulence on SME innovation. First, it

Table 5

Assessment of the reflective measurement model.

i. Reflective indicators loadings

Items Internal consistency reliability Convergent validity Deleted

Items
Cronbach’s

alpha

Composite

Reliability

Loadings AVE

AI1 0.838 0.878 0.702 0.507

AI2 0.760 AI 3

AI5 0.682 AI 4

AI6 0.749 AI 10

AI7 0.698

AI8 0.696

AI9 0.693

FP1 0.811 0.869 0.805 0.572

FP2 0.692

FP3 0.664

FP4 0.806

FP5 0.800

ii. Discriminant validity (Fornell and Larcker criteria).

AI FP

AI 0.712

FP 0.467 0.756

iii. Discriminant validity (HTMT ratio).

AI FP

AI

FP 0.559

Notes: AVE = average variance extracted.

Table 6

Assessment of SEM.

i. Direct effects

Hypothesized Paths b t value p value 95 % BCa CI Status

H1a: MT! AI 0.389 7.909 0.000 [0.290;0.480] Supported

H1b: MT! DC 0.582 15.639 0.000 [0.508;0.652] Supported

H2a: CI! AI 0.305 6.191 0.000 [0.203;0.394] Supported

H2b: CI! DC 0.307 7.544 0.000 [0.221;0.380] Supported

H3: AI! FP 0.228 4.003 0.000 [0.116;0.339] Supported

H4: DC! FP 0.321 4.846 0.000 [0.181;0.441] Supported

CV1: SME size! FP 0.041 0.997 0.319 [�0.041;0.121] −

CV2: Sector! FP 0.006 0.133 0.894 [�0.086;0.098] −

CV3: Year! FP �0.047 1.185 0.236 [�0.123;0.033] −

ii. Indirect effects

CI! DC! FP 0.100 3.441 0.001 [0.047;0.158] Supported

MT! DC! FP 0.189 4.946 0.000 [0.110;0.261] Supported

CI! AI! FP 0.069 2.821 0.005 [0.028;0.122] Supported

MT! AI! FP 0.087 3.716 0.000 [0.046;0.139] Supported

iii. Collinearity (inner VIF values)

AI CI DC FP MT

AI 2.283

CI 1.359 1.359

DC 2.276

FP

MT 1.359 1.359

iv. Coefficient of determination (R2 values)

R2
AI = 0.367; R2

DC = 0.618; R2
FP = 0.268

v. Predictive relevance

Q2
AI = 0.182; Q2

DC = 0.418; Q2
FP = 0.144

Notes: CV = control variable; BCa bootstrapping method was applied with 10,000

bootstrap samples (Streukens & Leroi-Werelds, 2016). Higher-order constructs were

estimated by using the two-stage approach and mode B (Sarstedt et al., 2019).
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advances the findings on DC theory because it was conducted during

the COVID-19 crisis and used quantitative empirical methods. This

study’s findings are robust, as they validate the effectiveness of DCs,

which clarifies the arguments presented in previous research

(Heredia et al., 2022). Unlike previous studies that tested DC effec-

tiveness during real-time crises using qualitative exploratory meth-

ods (Weaven et al., 2021), this study extends the findings of DC

theory based on a quantitative method, which indicates the effective-

ness of DCs during uncertain times. Additionally, this study indicates

that DCs are crucial for SMEs to ensure their competitiveness and

market success. Thus, this study answers the call for validating DC

outputs during crises (Heredia et al., 2022).

Second, the present research advances the findings on the influ-

ence and opportunities of environmental turbulence on SME innova-

tion using the DC view theory, as previous studies have used

environmental contingency theory (Tsai & Yang, 2014). Researchers

have argued that environmental turbulence challenges SMEs’ sur-

vival (Eggers, 2020; Troise et al., 2022), whereas the findings of this

study show that environmental turbulence drives SMEs and influen-

ces their innovativeness in terms of DC utilization and AI application.

Third, this study’s data support the hypothesized connection

between environmental turbulence elements (MT and CI) and both

DCs and AI applications, between DC and AI applications and firm

performance, and their mediating roles. Although scholars have

found that AI applications enhance firms’ DCs (Drydakis, 2022; Parida

et al., 2016), this study has contrasting findings because they were

measured separately. A firm with DCs alone enhances its perfor-

mance, and the results are similar for firms using AI applications;

both (DC and AI) are influenced by environmental turbulence (Bashir

et al., 2023). Environmental turbulence reinforces the firm’s motiva-

tion to survive, driving it to innovate, leverage its existing capabilities

and resources, and apply AI to cope with changes (Sultana et al.,

2022).

Finally, this study’s findings support previous literature showing

that DCs enable a company to act rapidly when an opportunity or

threat appears due to environmental turbulence and strategically

reallocate resources to relevant areas (Bashir et al., 2023). However,

DC use was not found to be influenced by environmental turbulence

as it is an ongoing process for SMEs to enhance competitiveness. As

the key to firms’ survival during economic instability, DCs facilitate

agile responsiveness to environmental changes (Haarhaus & Liening,

2020). This quantitative study reveals the positive influence of the

environmental turbulence elements of MT and CI on SMEs’ AI imple-

mentation and the key role AI plays in the survival of SMEs during a

crisis, thus contributing to the literature on DC theory (Drydakis,

2022). Environmental turbulence positively influences AI applica-

tions, thereby promoting the profitability and performance of SMEs.

Managerial implications

This study’s findings can assist SME managers, owners, and practi-

tioners in understanding how environmental turbulence influences

SMEs’ decisions regarding the utilization of DCs and AI to enhance

firm performance during challenging times. Thus, these findings

make significant practical contributions to the literature. First, the

findings explain the influence of environmental turbulence on DC in

the context of SMEs, which enables firm performance. This provides

guidance for managers and owners to continuously scan the environ-

ment, understand changes, and identify the required capabilities and

resources to cope and respond quickly and effectively during a crisis.

This aligns with the research of Bodlaj and �Cater (2019), who demon-

strated the importance of environmental turbulence for SME innova-

tion. Managers and owners must develop dynamic strategies to

continuously meet changes in demand and thrive under competition.

This can be achieved by taking advantage of DCs that are not only

dependent on environmental turbulence but also part of a continuing

program to grow and retain the customer base. These findings should

motivate practitioners to develop a dynamic approach applicable to

both stable and turbulent environments that can assist managers in

evaluating current market conditions, enhancing their firm’s knowl-

edge base, leveraging AI applications to meet sudden changes in cus-

tomer demand, and maintaining profitability when facing intense

competition. Monitoring trends and potential disruptions in the busi-

ness climate provides firms with the data necessary to spot impend-

ing changes and make timely modifications to planning. A constant

finger on the market pulse enhances innovation and creativity and

enables managers to respond and adapt quickly to inevitable future

changes and retain customer loyalty.

Second, the results show the influence of environmental turbu-

lence elements on AI applications, which also enhanced firm perfor-

mance in harmony with DC leverage. Thus, managers should

consider the necessity of AI applications and develop valid strategies

(a) investing in new digital technologies and human resources for the

use of AI and leveraging from the opportunities provided by an eco-

nomic crisis; (b) responding to customer preferences and changing

market circumstances effectively via the development of new capa-

bilities, knowledge, and professional experience by applying new

technologies within business models for the long-term; and (c)

developing employee capabilities to manage AI applications (Dabi�c et

al., 2023). In contrast, Weaven et al. (2021) highlighted that unsuc-

cessful SMEs are generally unwilling to invest in digital technologies

or develop their employees because of a lack of internal financial

resources during a crisis, hindering their survival. By deploying digi-

tal technologies such as AI, SMEs can manage the overwhelming

amount of complex and often ambiguous data that they deal with

today, especially in times of crisis, and reduce costs.

The existing literature provides few practical insights into the use

of AI applications during challenging times; thus, the findings of this

study offer novel and practical advice on boosting performance

through AI by improving business strategies, processes, capabilities,

products, and services, and interfirm relationships in extended busi-

ness networks to respond to sudden changes in demand and provide

for on-the-spot market needs. Managers and owners who must

develop action plans should constantly monitor the business envi-

ronment for new trends and technologies and assess the status of

competitor (Bashir et al., 2023).

Limitations and future research

This study has several limitations that should be addressed in

future research. First, this study combines all SME categories in the

sample size, which may hinder the specification of how DC and AI

applications are utilized per SME category, given that each SME cate-

gory requires different strategies to fit the business activities perti-

nent to its sector to cope with sudden market changes. A

comparative study of the DC and AI applications in each sector to

identify the different strategies required by each sector during uncer-

tain times would be interesting to conduct. Second, this study reflects

SME performance during a real-time crisis; however, it would be

fruitful to conduct a longitudinal study to compare SME performance

during current and post-crisis stages to understand the influence of

environmental turbulence on SMEs and whether SMEs can sustain

their competitive edge after a crisis. Finally, the study was conducted

in one geographic location and limited to three major cities, which

hinders the generalization of the results. Therefore, a comparative

study of SMEs in different geographic locations will provide more

insight into the universal applicability of this study’s findings.

CRediT authorship contribution statement

Mariam Hamad Al Dhaheri: Writing − original draft, Investiga-

tion, Conceptualization. Syed Zamberi Ahmad: Writing − review &

M.H. Al Dhaheri, S.Z. Ahmad and A. Papastathopoulos Journal of Innovation & Knowledge 9 (2024) 100528

10



editing, Writing − original draft, Supervision. Avraam Papastatho-

poulos:Methodology, Formal analysis, Data curation.

Acknowledgements

None.

References

Abed, S. S. (2022). A literature review exploring the role of technology in business sur-
vival during the Covid-19 lockdowns. International Journal of Organizational Analy-

sis, 30(5), 1045–1062. doi:10.1108/IJOA-11-2020-2501.
Abu Dhabi Chamber of Commerce. (2019). Small and medium-sized enterprises in Abu

Dhabi. https://www.abudhabichamber.ae/-/media/Project/ADCCI/ADCCI/Media-
Center-Publications/Research-and-Reports/2019/smes-cropped.pdf

Adam, N. A., & Alarifi, G. (2021). Innovation practices for survival of small and medium

enterprises (SMEs) in the COVID-19 times: The role of external support. Journal of
Innovation and Entrepreneurship, 10(1). doi:10.1186/s13731-021-00156-6.

Adomako, S., Amankwah-Amoah, J., Donbesuur, F., Ahsan, M., Danso, A., &
Uddin, M. (2022). Strategic agility of SMEs in emerging economies: Antecedents,

consequences and boundary conditions. International Business Review, 31,(6)

102032. doi:10.1016/j.ibusrev.2022.102032.
Bashir, M., Alfalih, A., & Pradhan, S. (2023). Managerial ties, business model innovation

& SME performance: Moderating role of environmental turbulence. Journal of Inno-
vation & Knowledge, 8,(1) 100329. doi:10.1016/j.jik.2023.100329.

Bhatti, S. H., Santoro, G., Khan, J., & Rizzato, F. (2021). Antecedents and consequences of
business model innovation in the IT industry. Journal of Business Research, 123

(October 2020), 389–400. doi:10.1016/j.jbusres.2020.10.003.

Bodlaj, M., & �Cater, B. (2019). The impact of environmental turbulence on the perceived
importance of innovation and innovativeness in SMEs. Journal of Small Business

Management, 57(S2), 417–435. doi:10.1111/jsbm.12482.
Caballero-Morales, S. O. (2021). Innovation as recovery strategy for SMEs in emerging

economies during the COVID-19 pandemic. Research in International Business and

Finance, 57,(January) 101396. doi:10.1016/j.ribaf.2021.101396.
Cassetta, E., Monarca, U., Dileo, I., Di Berardino, C., & Pini, M. (2020). The relationship

between digital technologies and internationalisation. Evidence from Italian SMEs.
Industry and Innovation, 27(4), 311–339. doi:10.1080/13662716.2019.1696182.

Cegarra-Navarro, J.-G., Reverte, C., G�omez-Melero, E., & Wensley, A. K. P. (2016). Link-

ing social and economic responsibilities with financial performance: The role of
innovation. European Management Journal, 34(5), 530–539. doi:10.1016/j.

emj.2016.02.006.
Chamola, V., Hassija, V., Gupta, V., & Guizani, M. (2020). A comprehensive review of the

COVID-19 Pandemic and the role of IoT, Drones, AI, Blockchain, and 5G in manag-
ing its impact. IEEE Access : Practical Innovations, Open Solutions, 8(April), 90225–

90265. doi:10.1109/ACCESS.2020.2992341.

Chan, C. M. L., Teoh, S. Y., Yeow, A., & Pan, G. (2019). Agility in responding to disruptive
digital innovation: Case study of an SME. Information Systems Journal, 29(2), 436–

455. doi:10.1111/isj.12215.
Chi, O. H., Jia, S., Li, Y., & Gursoy, D. (2021). Developing a formative scale to measure

consumers’ trust toward interaction with artificially intelligent (AI) social robots in

service delivery. Computers in Human Behavior, 118,(November 2020) 106700.
doi:10.1016/j.chb.2021.106700.

Collins, C. J. (2021). Expanding the resource based view model of strategic human
resource management. International Journal of Human Resource Management, 32

(2), 331–358. doi:10.1080/09585192.2019.1711442.
Cuevas-Vargas, H., Aguirre, J., & Parga-Montoya, N. (2022). Impact of ICT adoption on

absorptive capacity and open innovation for greater firm performance. The medi-

ating role of ACAP. Journal of Business Research, 140(November 2021), 11–24.
doi:10.1016/j.jbusres.2021.11.058.

Dabi�c, M., Maley, J. F., �Svarc, J., & Po�cek, J. (2023). Future of digital work: Challenges for
sustainable human resources management. Journal of Innovation & Knowledge, 8,

(2) 100353. doi:10.1016/j.jik.2023.100353.

Dayan, M., Ng, P. Y., & Ndubisi, N. O. (2019). Mindfulness, socioemotional wealth, and
environmental strategy of family businesses. Business Strategy and the Environ-

ment, 1–16. doi:10.1002/bse.2222.
do Valle, P. O., & Assaker, G. (2016). Using partial least squares structural equation

modeling in tourism research: a review of past research and recommendations for
future applications. Journal of Travel Research, 55(6), 695–708. doi:10.1177/

0047287515569779.

Drydakis, N. (2022). Artificial intelligence and reduced SMEs’ business risks. A dynamic
capabilities analysis during the COVID-19 pandemic. Information Systems Frontiers

0123456789. doi:10.1007/s10796-022-10249-6.
Eggers, F. (2020). Masters of disasters? Challenges and opportunities for SMEs in times

of crisis. Journal of Business Research, 116, 199–208. doi:10.1016/j.jbus-

res.2020.05.025.
Eisenhardt, M., & Martin, A. (2000). Dynamic capabilities: What are they? Strategic

Management Journal, 21(10), 1105–1121.
Fainshmidt, S., Wenger, L., Pezeshkan, A., & Mallon, M. R. (2019). When do dynamic

capabilities lead to competitive advantage? The importance of strategic fit. Journal
of Management Studies, 56(4), 758–787. doi:10.1111/joms.12415.

Ferreira, J., Coelho, A., & Moutinho, L. (2020). Dynamic capabilities, creativity and inno-

vation capability and their impact on competitive advantage and firm

performance: The moderating role of entrepreneurial orientation. Technovation, 92

−93,(July 2018) 102061. doi:10.1016/j.technovation.2018.11.004.
Garbellano, S., & Da Veiga, M.do R. (2019). Dynamic capabilities in Italian leading SMEs

adopting industry 4.0. Measuring Business Excellence, 23(4), 472–483. doi:10.1108/
MBE-06-2019-0058.

Garcia Martinez, M., Zouaghi, F., Garcia Marco, T., & Robinson, C (2019). What drives

business failure? Exploring the role of internal and external knowledge capabilities
during the global financial crisis. Journal of Business Research, 98(August 2018),

441–449. doi:10.1016/j.jbusres.2018.07.032.
Guenther, P., Guenther, M., Ringle, C. M., Zaefarian, G., & Cartwright, S. (2023). Improv-

ing PLS-SEM use for business marketing research. Industrial Marketing Manage-

ment, 111(March), 127–142. doi:10.1016/j.indmarman.2023.03.010.
Guo, Y., Zhang, J., Zhang, Y., & Zheng, C. (2018). Examining the relationship between

social capital and community residents’ perceived resilience in tourism destina-
tions. Journal of Sustainable Tourism, 26(6), 973–986. doi:10.1080/

09669582.2018.1428335.
Haarhaus, T., & Liening, A. (2020). Building dynamic capabilities to cope with environ-

mental uncertainty: The role of strategic foresight. Technological Forecasting and

Social Change, 155,(April) 120033. doi:10.1016/j.techfore.2020.120033.
Hair, J. F., Hult, G. T. M., Ringle, C. M., & Sarstedt, M. (2022). A primer on partial least

squares structural equation modeling (PLS-SEM) (3rd ed.). SAGE Publications, Inc.
Hansen, E. B., & Bøgh, S. (2021). Artificial intelligence and internet of things in small

and medium-sized enterprises: A survey. Journal of Manufacturing Systems, 58

(August 2020), 362–372. doi:10.1016/j.jmsy.2020.08.009.
Hassani, A., & Mosconi, E. (2022). Social media analytics, competitive intelligence, and

dynamic capabilities in manufacturing SMEs. Technological Forecasting and Social
Change, 175,(December 2021) 121416. doi:10.1016/j.techfore.2021.121416.

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new criterion for assessing discrimi-
nant validity in variance-based structural equation modeling. Journal of the Acad-

emy of Marketing Science, 43(1), 115–135. doi:10.1007/s11747-014-0403-8.

Heredia, J., Castillo-Vergara, M., Geldes, C., Carbajal Gamarra, F. M., Flores, A., &
Heredia, W. (2022). How do digital capabilities affect firm performance? The medi-

ating role of technological capabilities in the “new normal. Journal of Innovation &
Knowledge, 7,(2) 100171. doi:10.1016/j.jik.2022.100171.

Hussain, M., & Papastathopoulos, A. (2022). Organizational readiness for digital finan-

cial innovation and financial resilience. International Journal of Production Econom-
ics, 243,(February 2021) 108326. doi:10.1016/j.ijpe.2021.108326.

Jaworski, B. J., & Kohli, A. K. (1993). Market orientation: Antecedents and consequen-
ces. Journal of Marketing, 57(3), 53. doi:10.2307/1251854.

Kalubanga, M., & Gudergan, S. (2022). The impact of dynamic capabilities in disrupted
supply chains—The role of turbulence and dependence. Industrial Marketing Man-

agement, 103(March), 154–169. doi:10.1016/j.indmarman.2022.03.005.

Katz, R., Jung, J., & Callorda, F. (2020). Can digitization mitigate the economic damage of
a pandemic? Evidence from SARS. Telecommunications Policy, 44,(10) 102044.

doi:10.1016/j.telpol.2020.102044.
Khurana, I., Dutta, D. K., & Singh Ghura, A. (2022). SMEs and digital transformation dur-

ing a crisis: The emergence of resilience as a second-order dynamic capability in

an entrepreneurial ecosystem. Journal of Business Research, 150(December 2021),
623–641. doi:10.1016/j.jbusres.2022.06.048.

Kock, N., & Hadaya, P. (2018). Minimum sample size estimation in PLS-SEM: The
inverse square root and gamma-exponential methods. Information Systems Journal,

28(1), 227–261. doi:10.1111/isj.12131.

Kumar, A., & Kalse, A. (2021). Usage and adoption of artificial intelligence in SMEs.
Materials Today: Proceedings. doi:10.1016/j.matpr.2021.01.595 xxxx.

Li, S., & Rees, C. J. (2021). Determinants of the formalization of human resource man-
agement practices: An empirical study in SMEs in eastern and western China. Jour-

nal of Small Business Management, 59(4), 735–755. doi:10.1080/00472778.2019.
1705663.

Lyu, C., Zhang, F., Ji, J., Teo, T. S. H., Wang, T., & Liu, Z. (2022). Competitive intensity and

new product development outcomes: The roles of knowledge integration and
organizational unlearning. Journal of Business Research, 139(381), 121–133.

doi:10.1016/j.jbusres.2021.09.049.
Masiello, B., & Izzo, F. (2019). Internationalization of Traditional SMEs. Journal of Small

Business Management, 0(0), 1–34.

McKinsey. (2020). Setting up small and medium-size enterprises for restart and recovery.
https://www.mckinsey.com/»/media/McKinsey/Industries/PublicandSocialSector/

OurInsights/Settingupsmallandmediumsizeenterprisesforrestartandrecovery/Set
ting-up-small-and-medium-size-enterprises-for-restart-and-recovery-vF.pdf

Motta, V., & Sharma, A. (2020). Lending technologies and access to finance for SMEs in
the hospitality industry. International Journal of Hospitality Management, 86,

(August 2018) 102371. doi:10.1016/j.ijhm.2019.102371.

Nyamrunda, F. C., & Freeman, S. (2021). Strategic agility, dynamic relational capability
and trust among SMEs in transitional economies. Journal of World Business, 56,(3)

101175. doi:10.1016/j.jwb.2020.101175.
OECD. (2020). Coronavirus (COVID-19): SME policy responses. https://www.oecd.

org/coronavirus/policy-responses/coronavirus-covid-19-sme-policy-responses-

04440101/.
Parida, V., Oghazi, P., & Cedergren, S. (2016). A study of how ICT capabilities can influ-

ence dynamic capabilities. Journal of Enterprise Information Management, 29(2),
179–201. doi:10.1108/JEIM-07-2012-0039.

Pavlou, P. A., & El Sawy, O. A. (2006). From IT leveraging competence to competitive
advantage in turbulent environments: The case of new product development.

Information Systems Research, 17(3), 198–227. doi:10.1287/isre.1060.0094.

Ringle, C. M., Sarstedt, M., Mitchell, R., & Gudergan, S. P. (2020). Partial least squares
structural equation modeling in HRM research. International Journal of Human

Resource Management, 31(12), 1617–1643. doi:10.1080/09585192.2017.1416655.

M.H. Al Dhaheri, S.Z. Ahmad and A. Papastathopoulos Journal of Innovation & Knowledge 9 (2024) 100528

11

http://dx.doi.org/10.1108/IJOA-11-2020-2501
https://www.abudhabichamber.ae/-/media/Project/ADCCI/ADCCI/Media-Center-Publications/Research-and-Reports/2019/smes-cropped.pdf
https://www.abudhabichamber.ae/-/media/Project/ADCCI/ADCCI/Media-Center-Publications/Research-and-Reports/2019/smes-cropped.pdf
http://dx.doi.org/10.1186/s13731-021-00156-6
http://dx.doi.org/10.1016/j.ibusrev.2022.102032
http://dx.doi.org/10.1016/j.jik.2023.100329
http://dx.doi.org/10.1016/j.jbusres.2020.10.003
http://dx.doi.org/10.1111/jsbm.12482
http://dx.doi.org/10.1016/j.ribaf.2021.101396
http://dx.doi.org/10.1080/13662716.2019.1696182
http://dx.doi.org/10.1016/j.emj.2016.02.006
http://dx.doi.org/10.1016/j.emj.2016.02.006
http://dx.doi.org/10.1109/ACCESS.2020.2992341
http://dx.doi.org/10.1111/isj.12215
http://dx.doi.org/10.1016/j.chb.2021.106700
http://dx.doi.org/10.1080/09585192.2019.1711442
http://dx.doi.org/10.1016/j.jbusres.2021.11.058
http://dx.doi.org/10.1016/j.jik.2023.100353
http://dx.doi.org/10.1002/bse.2222
http://dx.doi.org/10.1177/0047287515569779
http://dx.doi.org/10.1177/0047287515569779
http://dx.doi.org/10.1007/s10796-022-10249-6
http://dx.doi.org/10.1016/j.jbusres.2020.05.025
http://dx.doi.org/10.1016/j.jbusres.2020.05.025
http://refhub.elsevier.com/S2444-569X(24)00067-2/sbref0021
http://refhub.elsevier.com/S2444-569X(24)00067-2/sbref0021
http://dx.doi.org/10.1111/joms.12415
http://dx.doi.org/10.1016/j.technovation.2018.11.004
http://dx.doi.org/10.1108/MBE-06-2019-0058
http://dx.doi.org/10.1108/MBE-06-2019-0058
http://dx.doi.org/10.1016/j.jbusres.2018.07.032
http://dx.doi.org/10.1016/j.indmarman.2023.03.010
http://dx.doi.org/10.1080/09669582.2018.1428335
http://dx.doi.org/10.1080/09669582.2018.1428335
http://dx.doi.org/10.1016/j.techfore.2020.120033
http://refhub.elsevier.com/S2444-569X(24)00067-2/sbref0029
http://refhub.elsevier.com/S2444-569X(24)00067-2/sbref0029
http://dx.doi.org/10.1016/j.jmsy.2020.08.009
http://dx.doi.org/10.1016/j.techfore.2021.121416
http://dx.doi.org/10.1007/s11747-014-0403-8
http://dx.doi.org/10.1016/j.jik.2022.100171
http://dx.doi.org/10.1016/j.ijpe.2021.108326
http://dx.doi.org/10.2307/1251854
http://dx.doi.org/10.1016/j.indmarman.2022.03.005
http://dx.doi.org/10.1016/j.telpol.2020.102044
http://dx.doi.org/10.1016/j.jbusres.2022.06.048
http://dx.doi.org/10.1111/isj.12131
http://dx.doi.org/10.1016/j.matpr.2021.01.595
http://dx.doi.org/10.1080/00472778.2019.<?A3B2 re3j?>1705663
http://dx.doi.org/10.1080/00472778.2019.<?A3B2 re3j?>1705663
http://dx.doi.org/10.1016/j.jbusres.2021.09.049
http://refhub.elsevier.com/S2444-569X(24)00067-2/sbref0043
http://refhub.elsevier.com/S2444-569X(24)00067-2/sbref0043
https://www.mckinsey.com/~/media/McKinsey/Industries/PublicandSocialSector/OurInsights/Settingupsmallandmediumsizeenterprisesforrestartandrecovery/Setting-up-small-and-medium-size-enterprises-for-restart-and-recovery-vF.pdf
https://www.mckinsey.com/~/media/McKinsey/Industries/PublicandSocialSector/OurInsights/Settingupsmallandmediumsizeenterprisesforrestartandrecovery/Setting-up-small-and-medium-size-enterprises-for-restart-and-recovery-vF.pdf
https://www.mckinsey.com/~/media/McKinsey/Industries/PublicandSocialSector/OurInsights/Settingupsmallandmediumsizeenterprisesforrestartandrecovery/Setting-up-small-and-medium-size-enterprises-for-restart-and-recovery-vF.pdf
https://www.mckinsey.com/~/media/McKinsey/Industries/PublicandSocialSector/OurInsights/Settingupsmallandmediumsizeenterprisesforrestartandrecovery/Setting-up-small-and-medium-size-enterprises-for-restart-and-recovery-vF.pdf
http://dx.doi.org/10.1016/j.ijhm.2019.102371
http://dx.doi.org/10.1016/j.jwb.2020.101175
https://www.oecd.org/coronavirus/policy-responses/coronavirus-covid-19-sme-policy-responses-04440101/
https://www.oecd.org/coronavirus/policy-responses/coronavirus-covid-19-sme-policy-responses-04440101/
https://www.oecd.org/coronavirus/policy-responses/coronavirus-covid-19-sme-policy-responses-04440101/
http://dx.doi.org/10.1108/JEIM-07-2012-0039
http://dx.doi.org/10.1287/isre.1060.0094
http://dx.doi.org/10.1080/09585192.2017.1416655


Rohrbeck, R., Battistella, C., & Huizingh, E. (2015). Corporate foresight: An emerging

field with a rich tradition. Technological Forecasting and Social Change, 101, 1–9.
doi:10.1016/j.techfore.2015.11.002.

Sarstedt, M., Hair, J. F., Cheah, J.-H., Becker, J.-M., & Ringle, C. M. (2019). How to specify,
estimate, and validate higher-order constructs in PLS-SEM. Australasian Marketing

Journal, 27(3), 197–211. doi:10.1016/j.ausmj.2019.05.003.

Schilke, O., Hu, S., & Helfat, C. E. (2018). Quo vadis, dynamic capabilities? A content-analytic
review of the current state of knowledge and recommendations for future research.

Academy of Management Annals, 12(1), 390–439. doi:10.5465/annals.2016.0014.
Senivongse, C., Bennet, A., & Mariano, S. (2019). Clarifying absorptive capacity and

dynamic capabilities dilemma in high dynamic market IT SMEs. VINE Journal of

Information and Knowledge Management Systems, 49(3), 372–396. doi:10.1108/
VJIKMS-11-2018-0105.

Shams, R., Vrontis, D., Belyaeva, Z., Ferraris, A., & Czinkota, M. R. (2021). Strategic agility
in international business: A conceptual framework for “agile” multinationals. Jour-

nal of International Management, 27(1). doi:10.1016/j.intman.2020.100737.
Sharma, G. D., Kraus, S., Srivastava, M., Chopra, R., & Kallmuenzer, A. (2022). The chang-

ing role of innovation for crisis management in times of COVID-19: An integrative

literature review. Journal of Innovation & Knowledge, 7,(4) 100281. doi:10.1016/j.
jik.2022.100281.

Streukens, S., & Leroi-Werelds, S. (2016). Bootstrapping and PLS-SEM: A step-by-step
guide to get more out of your bootstrap results. European Management Journal, 34

(6), 618–632. doi:10.1016/j.emj.2016.06.003.

Sultana, S., Akter, S., & Kyriazis, E. (2022). How data-driven innovation capability is
shaping the future of market agility and competitive performance? Technological

Forecasting and Social Change, 174,(October 2021) 121260. doi:10.1016/j.techfor-
e.2021.121260.

Tajvidi, R., & Karami, A. (2021). The effect of social media on firm performance. Com-
puters in Human Behavior, 115, 105174. doi:10.1016/j.chb.2017.09.026.

Teece, D. J. (2007). Explicating dynamic capabilities: The nature and microfoundations

of (sustainable) enterprise performance. Strategic Management Journal, 28(13),
1319–1350. doi:10.1002/smj.64 Received.

Teece, D. J. (2018). Business models and dynamic capabilities. Long Range Planning, 51
(1), 40–49. doi:10.1016/j.lrp.2017.06.007.

Troise, C., Corvello, V., Ghobadian, A., & O’Regan, N (2022). How can SMEs successfully

navigate VUCA environment: The role of agility in the digital transformation era.

Technological Forecasting and Social Change, 174, 121227. doi:10.1016/j.techfor-

e.2021.121227.
Tsai, K. H., & Yang, S. Y. (2014). The contingent value of firm innovativeness for busi-

ness performance under environmental turbulence. International Entrepreneurship
and Management Journal, 10(2), 343–366. doi:10.1007/s11365-012-0225-4.

UAE Government. (2020). Small and medium enterprises (SMEs). . https://u.ae/en/infor

mation-and-services/business/small-and-medium-enterprises.
UAE Government. (2022). The seven emirates. . https://u.ae/en/about-the-uae/the-

seven-emirates.
Vrontis, D., Basile, G., Simona Andreano, M., Mazzitelli, A., & Papasolomou, I. (2020).

The profile of innovation driven Italian SMEs and the relationship between the

firms’ networking abilities and dynamic capabilities. Journal of Business Research,
114(March), 313–324. doi:10.1016/j.jbusres.2020.04.009.

Wamba, S. F., Gunasekaran, A., Akter, S., Ren, S. J.fan, Dubey, R., & Childe, S. J. (2017). Big
data analytics and firm performance: Effects of dynamic capabilities. Journal of

Business Research, 70, 356–365. doi:10.1016/j.jbusres.2016.08.009.
Wang, C. L., Senaratne, C., & Rafiq, M. (2015). Success traps, dynamic capabilities and

firm performance. British Journal of Management, 26(1), 26–44. doi:10.1111/1467-

8551.12066.
Wang, Y., Hong, A., Li, X., & Gao, J. (2020). Marketing innovations during a global crisis:

A study of China firms’ response to COVID-19. Journal of Business Research, 116
(May), 214–220. doi:10.1016/j.jbusres.2020.05.029.

Warner, K. S. R., & W€ager, M. (2019). Building dynamic capabilities for digital transfor-

mation: An ongoing process of strategic renewal. Long Range Planning, 52(3), 326–
349. doi:10.1016/j.lrp.2018.12.001.

Weaven, S., Quach, S., Thaichon, P., Frazer, L., Billot, K., & Grace, D. (2021). Surviving an
economic downturn: Dynamic capabilities of SMEs. Journal of Business Research,

128(February), 109–123. doi:10.1016/j.jbusres.2021.02.009.
Zahoor, N., Golgeci, I., Haapanen, L., Ali, I., & Arslan, A. (2022). The role of dynamic capa-

bilities and strategic agility of B2B high-tech small and medium-sized enterprises

during COVID-19 pandemic: Exploratory case studies from Finland. Industrial Mar-
keting Management, 105(August 2021), 502–514. doi:10.1016/j.indmar-

man.2022.07.006.
Zhao, X., Liang, J., & Dang, C. (2019). A stratified sampling based clustering algorithm

for large-scale data. Knowledge-Based Systems, 163, 416–428. doi:10.1016/j.kno-

sys.2018.09.007.

M.H. Al Dhaheri, S.Z. Ahmad and A. Papastathopoulos Journal of Innovation & Knowledge 9 (2024) 100528

12

http://dx.doi.org/10.1016/j.techfore.2015.11.002
http://dx.doi.org/10.1016/j.ausmj.2019.05.003
http://dx.doi.org/10.5465/annals.2016.0014
http://dx.doi.org/10.1108/VJIKMS-11-2018-0105
http://dx.doi.org/10.1108/VJIKMS-11-2018-0105
http://dx.doi.org/10.1016/j.intman.2020.100737
http://dx.doi.org/10.1016/j.jik.2022.100281
http://dx.doi.org/10.1016/j.jik.2022.100281
http://dx.doi.org/10.1016/j.emj.2016.06.003
http://dx.doi.org/10.1016/j.techfore.2021.121260
http://dx.doi.org/10.1016/j.techfore.2021.121260
http://dx.doi.org/10.1016/j.chb.2017.09.026
http://dx.doi.org/10.1002/smj.64
http://dx.doi.org/10.1016/j.lrp.2017.06.007
http://dx.doi.org/10.1016/j.techfore.2021.121227
http://dx.doi.org/10.1016/j.techfore.2021.121227
http://dx.doi.org/10.1007/s11365-012-0225-4
https://u.ae/en/information-and-services/business/small-and-medium-enterprises
https://u.ae/en/information-and-services/business/small-and-medium-enterprises
https://u.ae/en/about-the-uae/the-seven-emirates
https://u.ae/en/about-the-uae/the-seven-emirates
http://dx.doi.org/10.1016/j.jbusres.2020.04.009
http://dx.doi.org/10.1016/j.jbusres.2016.08.009
http://dx.doi.org/10.1111/1467-8551.12066
http://dx.doi.org/10.1111/1467-8551.12066
http://dx.doi.org/10.1016/j.jbusres.2020.05.029
http://dx.doi.org/10.1016/j.lrp.2018.12.001
http://dx.doi.org/10.1016/j.jbusres.2021.02.009
http://dx.doi.org/10.1016/j.indmarman.2022.07.006
http://dx.doi.org/10.1016/j.indmarman.2022.07.006
http://dx.doi.org/10.1016/j.knosys.2018.09.007
http://dx.doi.org/10.1016/j.knosys.2018.09.007

	Do environmental turbulence, dynamic capabilities, and artificial intelligence force SMEs to be innovative?
	Introduction
	Theoretical background and hypotheses
	Dynamic capability theory
	Influence of market turbulence on AI applications and DC
	Influence of competitive intensity on AI applications and DCs
	Role of AI applications and DCs in SME performance

	Research methods
	Study area
	Development of measures
	Data collection and sample size
	Control variables and endogeneity

	Data analyses
	Demographics
	Model assessment
	Assessing the formative and reflective measurement models
	Common-method bias
	Assessing the structural model

	Discussion and conclusions
	Theoretical implications
	Managerial implications
	Limitations and future research
	CRediT authorship contribution statement

	Acknowledgements
	References


