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Abstract

This qualitative study explores how finance managers in textile SMEs utilize artificial intelligence (Al) to manage financial resource
dependence, framed within the lens of Resource Dependence Theory (RDT), providing preliminary insights in an area where qualitative
research remains scarce. Conducted through in-depth interviews with Al-using finance managers from seven textile enterprises based in
Istanbul, Tiirkiye, the research investigates how Al influences access to and reliance on external financial resources such as short-term
loans, leasing, and supplier credit. The findings reveal that Al-supported decision-making contributes to strategic financial planning, re-
duces dependence on short-term credit, and enables proactive resource management. Themes such as data-driven investment timing, Al-
based customer risk scoring, and internal cash flow optimization emerged from the analysis. The study also highlights the critical role that
managerial competence in leveraging Al plays in transforming traditional financial behavior and dependency structures. By taking into
account sector-specific constraints such as foreign exchange input costs and seasonal demand fluctuations, this study extends the theoretical
application of RDT in the context of digital finance. While Al may reduce certain types of financial dependency, it may also introduce new
forms of technology and data reliance that require deliberate managerial oversight. The research findings suggest that SMEs attempting to
reduce their financial exposure with the help of Al are developing a reliance on software companies. This dependency is expected to
increase over time, potentially limiting businesses' ability to make critical decisions.
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1. Introduction

In sectors like textiles that are highly exposed to market volatility, foreign currency fluctuations, and seasonal demand, small and medium-
sized businesses (SMEs) often face significant challenges accessing and managing financial resources. Due to their limited bargaining
power and internal capital reserves, SMEs tend to rely heavily on external financial instruments such as short-term bank loans, leasing
agreements, and supplier credits. As a result of structural dependency, they are vulnerable to financial shocks, especially during periods of
macroeconomic instability. In response to these challenges, an increasing number of SMEs have been integrating digital technologies, in
particular artificial intelligence (Al), into their financial decision-making. Al tools enable firms to predict cash flow, create dynamic prices,
and segment customers based on risk, which can aid in planning for the future, reducing uncertainty, and improving strategy. The impact
of Al adoption, however, on resource dependence management has never been explored extensively in research literature, not even with
regard to qualitative, theory-oriented research. It falls into the tradition of Resource Dependence Theory (RDT), according to which or-
ganizations lack autonomy and need to formulate strategies to cope with their reliance upon key external resources. By examining how Al
is utilized among finance managers working in textile SMEs in coping with financial constraints, this research intends to expand the use
of RDT into the digital finance domain. In Istanbul, it utilizes qualitative research relying upon in-depth interviews with finance managers
who are active users of Al tools. As well as examining how Al alleviates financial dependency, it also examines how it creates new
technological and data-driven dependency. In this way, this research arrives at an in-depth understanding of Al being both an alleviating
as well a potentially complicating factor in resource dependence.

2. Purpose and Research Question

The major idea of this paper is to define the usage of Al tools in SMEs operating in the textile industry to cope with the reliance on financial
resources. In particular, it focuses on learning about the strategic position of Al in decreasing the reliance on external financials, namely,
short-term loans, supplier credits, and lease agreements. Although Al has been marketed extensively as a technology that makes it easier
to plan financially and manage risks [1], [2], [3], few studies have been conducted [4], [5] to determine the effects of Al on the dependency
relationships of SMEs on external financial actors.
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This research aims to fill such a gap by analyzing the advantages and novel types of reliance that occur through the use of Al The study is
based on RDT and narrowed down to finance managers of the SMEs related to textiles in Istanbul who are actively adopting Al in their
practices. Focused interviews are undertaken to answer the following research question (RQ):

How do finance managers in textile SMEs use artificial intelligence to manage financial resource dependence, and what new dependen-
cies—if any—emerge from the use of these technologies?

By answering this question, the research will serve to develop a more complex knowledge on the dualistic contribution of Al to the for-
mation of financial strength and strategic independence of SMEs.

3. Related Works and Literature Review

It is necessary to acquire familiarity with several lines of academic thought to comprehend the interplay of financial management, Al, and
the dependence of the organization. This section includes the significant works of research on the topic of financial resource dependence
in SMEs, Al in the financial decision-making practice, and the RDT theoretical framework.

3.1 Resource Dependence Theory

The work The External Control of Organizations: A Resource Dependence Perspective by Pfeffer and Salancik [6] was instrumental in
establishing the RDT as a widely recognized framework in the field [7]. Adopting an open systems perspective argues that no organization
is entirely self-sufficient. In order to maintain their production activities, organizations require various inputs, namely resources [8]. The
significance of these resources, as well as the means of acquiring them, differ from one to another. According to Pfeffer and Salancik [6],
understanding organizational behavior is only possible through an assessment of the relative importance of these resources. The importance
of a resource can be assessed by its share in total production. It may also be judged by its criticality, that is, how far an organization can
operate without it or its market [7].

Since resources of varying importance are held by different organizations, a dependency relationship inevitably emerges that must be
managed. The nature of this relationship depends on the importance and scarcity of the resources, as well as the degree of control other
organizations have over them. When a resource is important, scarce, and under the control of another organization, the relationship becomes
asymmetric, granting power to the organization that possesses it. The party holding such power can leverage it to influence or constrain
the behavior of other organizations or stakeholders [6], [9]. Consequently, the survival and success of organizations depend on their ability
to manage these dependency relationships to their advantage. They must also secure stable access to key resources and respond effectively
to external pressures and threats.

In this sense, rather than merely adapting to external conditions as in contingency theory, organizations also take deliberate actions to
manage their exposure to external resources. Their success hinges on their ability to act effectively in response to environmental demands.
These can be mergers, acquisitions, and hiring of the best executives, interlocking directorates, and participation in political events [10].
Nevertheless, rational foresight alone does not determine action; decisions are shaped by external power-dependency dynamics and internal
organizational relations. For instance, when the departments have capabilities, skills, or knowledge that eliminate or depreciate uncertainty
and reliance on the organization, the departments hold power. In the long run, strong departments can gain sustainability and influence.
Top managers shape strategy by prioritizing decisions such as investments, partnerships, or acquisitions. These choices reinforce their
power and that of their department [6]. Overall, Resource Dependence Theory explains why organizations act as they do in response to
expectations [11] and has been empirically tested, providing managers with validated insights [12].

RDT helps understand how financing limitations implied in the case of SMEs, particularly those in the unstable and dynamically fluctuating
industries such as textiles, influence the organizational strategies. With limited internal capital, these firms rely on external financing,
leaving them vulnerable to economic downturns and market shifts.

Al and other digital technologies are increasingly embedded in financial decision-making. RDT can help us understand whether these
technologies reduce reliance on traditional financial intermediaries and institutions, or instead create new dependence on data suppliers,
algorithms, and platform infrastructures. In this way, the theory of RDT is quite applicable when examining organizational adaptation in
the digital age.

3.2 Resource Dependence Theory in Practice

RDT has been widely used in organizational research to understand how firms manage their reliance on external actors and resources. In
practical terms, RDT helps explain why organizations form alliances, adapt governance structures, and invest in internal capabilities to
reduce exposure to environmental uncertainty and external control [6].

One of the most prominent applications of RDT is in the study of corporate governance. Hillman, Withers, and Collins [10] demonstrate
that firms often appoint board members with external ties to key stakeholders—such as financial institutions, government agencies, or large
customers—in order to secure critical resources and reduce uncertainty. These appointments serve both symbolic and strategic purposes,
particularly in industries that are highly regulated or capital-intensive.

Drees and Heugens [13] provide further evidence through a meta-analysis showing that organizations frequently engage in mergers, part-
nerships, and joint ventures to manage resource dependencies. For example, companies facing technological gaps may collaborate with
startups or research institutions to access innovation without fully internalizing the associated costs or risks. Similarly, SMEs often adopt
RDT principles in their behavior to overcome such limitations. Due to limited internal resources, SMEs are often more dependent on
external financing sources, supply chain actors, or industry networks. To mitigate this vulnerability, SMEs can join cooperatives, cluster
initiatives, or regional alliances to increase collective bargaining power and resource access. Teece [14] highlights how developing dynamic
capabilities, such as technological adaptability, digital integration, and strategic agility, reduces firms' dependence on external organizations.
By building internal capabilities that enhance responsiveness and innovation, organizations can shift from passive dependency to proactive
resource management. Although not limited to RDT, this approach aligns with its core principle: organizations attempt to control critical
dependencies by reshaping their internal capabilities and external relationships. In their study, Abousaber & Abdalla [15] discuss how Al
can help companies automate tasks, make smarter decisions, and enhance digital services, but do not address its role in reducing dependence
on external resources. Nishant et al. [16] show that Al has the potential to address sustainability challenges by enabling processes and
practices to reduce resource and energy use, but faces challenges in implementation. In Ughulu’s [17] study, Al can help businesses auto-
mate and scale operations, and reducing reliance on external resources is a key concern for SMEs. Mohammed et al. [18] show that Al
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enhances business efficiency and supply chain management, but its role in lowering exposure to external finance is not directly addressed.
RDT studies show that while firms reduce dependence on external actors, they often create new ones. In the digital age, financial and
supply dependencies shift toward technology and data, requiring constant adaptation.

3.3 Managing Resource Dependence Through Artificial Intelligence in Financial Decisions

Within the framework of RDT, organizations are viewed to be intrinsically dependent on other actors to provide their necessary inputs in
terms of capital, information, and infrastructure. Firms generally use options like diversification of resource channels, strategic alliances,
internal capability building, or vertical integration to counter these dependencies [6], [19].

In recent years, using Al in an organizational process has become one of the most effective methods of redesigning the identification,
measurement, and mitigation of these [20]. Al tools- especially those utilized in predictive analytics, risk assessments, and financial fore-
casts helps companies to make better decisions in situations of uncertainty. As RDT would view it, this is a technological capability as a
form of strategic buffer that helps in decreasing overdependence on external financial institutions and intermediaries. For example, Al-
based cash flow models allow companies to predict liquidity shortages, reducing the need for short-term borrowing. Similarly, dynamic
pricing algorithms and segmenting customers tools improve revenue predictability, with organizations being able to negotiate better credit
terms or less reliance on supplier financing [21].

Al is like a replacement for institutional help in the financial sector, especially among the SMEs that have less access to capital markets.
Al tools can also allow finance managers to model financing situations, determine the most cost-effective way to finance an operation, and
evaluate lender behavioral dynamics. Such insights not only limit the risk of opportunistic behavior by the financial partners but also
minimize the risk of the underutilization of the internal resources. Al, however, can only have such effects as reducing the traditional
dependence in finance, but it introduces a dependency on data providers, transparency of algorithms, and technology vendors. In the Al
age, dependency management must focus on two areas: reducing exposure to critical resource vulnerabilities and addressing risks associ-
ated with technological adoption [22], [23].

4. Methodology

In this study, a qualitative research design was used to explore how Al is used by SMEs in the textile industry to address financial resource
dependency following a framework based on RDT. The research had a theory-driven and exploratory character, which made the qualitative
method the most suitable one to identify the contextual specifics of managerial decision-making processes [24].

The study was conducted in Istanbul, the largest textile and financial hub in Tiirkiye, where the SMEs in the textile industry face a highly
competitive environment and are very cash-strapped. The main entity of focus was SMEs because it is disproportionately affected by the
issue of resource dependency, especially in emerging economies. In Tiirkiye, SMEs often face structural financial pressures that constrain
long-term strategic planning, R&D investment, international expansion, and sustainable growth. These predicaments render the SMEs the
perfect environment to study the adoption of Al with the aim of minimizing financial vulnerability.

A single sector (textiles) was deliberately selected to control for industry-specific variables and to avoid discrepancies that might arise
from cross-sector differences in digital maturity or capital intensity. Data were collected through semi-structured, in-depth interviews with
financial managers in seven SMEs. While the sample size of this study was limited, the qualitative research approach provided in-depth
data. Small samples are often preferred in qualitative research to generate detailed insights that larger samples might miss [25,26]. Based
on the research question (RQ) and interview questions (IQ), the sources covered financial resources, including internal versus external
finance [25], formal versus informal financing preferences, and challenges related to bank guarantees [26,27]. The sources also addressed
the effects of resource scarcity and concentration, alliance and joint venture strategies [28,10,29], and the impact of resource uncertainty
and financial resource diversification [30,31,32].

The initial interviewee was chosen using a purposive sampling method, and the rest were chosen by snowball, making a total of n =7
interviews. After the seventh interview, theoretical saturation was reached because no new codes or themes emerged, and further data
collection was unnecessary. The rationale of this methodology lies in adherence to the norms of qualitative research, as further increases
of the sample at the level of saturation could have introduced a factor of non-analytical complexity [33]. The interviewed financial managers
were assured that their companies' names would not be disclosed. This anonymity was made presumable so as to make the subjects answer
the interview questions with more clarity and openness.

All interviewees were assumed to have decision-making authority and practical experience with artificial intelligence tools in financial
operations. Importantly, the participating companies were not only users of Al technology but also integrated Al into their strategic resource
management processes. This made sure that the acquired insights had a basis in practical experience and were applicable in the theoretical
scope of the study.

As per the research design, interview questions had been formulated with reference to the central research question (RQ) and had been
modeled in a manner to obtain detailed and reflective feedback in line with the theoretical context. Each question was coded for a specific
aspect of the research purpose, thus providing a systematic mapping between empirical data and conceptual constructs. During the inter-
views, finance managers provided in-depth and contextualized responses to each of these coded questions.

After transcription, the interview data were subjected to thematic content analysis. Responses were examined question-by-question and
coded individually. The resulting codes were grouped into higher-level categories: financial fragility, Al-assisted forecasting, decision-
making autonomy, and strategic planning. This coding allowed comparisons across participants while preserving the richness of individual
responses.

Finally, all seven cases were analyzed comparatively. Code matrices were created to identify recurring themes and common patterns across
firms. This cross-case synthesis produced an overarching thematic structure, which is presented in the results section and further interpreted
in the discussion. The process ensured analytical depth and theoretical consistency, providing robust insights into how SMEs use Al to
manage external financial dependencies.

5. Findings

Under this heading, the answers given to the interview questions were analyzed by categorizing and coding them. The tables include data
from all seven businesses. Before the tables, there are sample statements presented as direct quotations from the responses of three
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businesses. In this context, the first interview question (IQ1) aims to reveal which financial resources businesses are most dependent on,
and sample responses from selected businesses are presented.

Interview Question 1 (IQ1): What are the types of financial resources on which businesses are most dependent?

Business A: “We are particularly dependent on short-term bank loans. We buy raw materials like yarn and cotton in foreign currency, but
we sell our products in Turkish Lira. The exchange rate risk is very high. We can't import on credit; suppliers demand cash or short-term
payment. In such cases, we take out a revolving loan from the bank. Furthermore, we use factoring because we offer 120-day installments
to chain stores. Leasing only comes into play for investment; for example, we leased an automatic fabric cutting machine this year.”
Business C: “Energy, water, and chemical costs are very high for companies in the painting business. Therefore, we use foreign currency-
based working capital loans to manage production expenses... Electricity and steam costs are indexed to euros. Furthermore, prepayment
is often required for chemical procurement, making us dependent on cash flow. Leasing isn't very common in our country, but we did lease
a reactive dye automation system last year because the price was €180,000.”

Business G: “Organic production companies often start with equity capital but are forced to turn to other sources for growth. In the last
two years, we've primarily used green transformation loans and TUBITAK (The Scientific and Technological Research Council of Turkey)-
supported grants... We steer clear of traditional loans because interest rates are high. We also have a production financing model based on
a partnership with a Swedish buyer, which includes a down payment. This provides pre-production financing.”

The responses to the first question reveal the varying dependence of businesses on financial resources. Particularly, short-term bank loans,
foreign currency-based loans, leasing, and grants are prominent financing tools. In order to systematically compare these findings, the
responses were coded and summarized in Table 1. It summarizes the responses of seven businesses by coding them, highlighting their
dependence on financial resources. As seen in the sample statements, it is noteworthy that Businesses A and C tend to rely heavily on credit
financing, while Business G utilizes grants and green loans. Other businesses adopt diverse financial strategies. Specifically, Business B
relies on revolving credit and forward-dated yarn procurement, Business D prioritizes spot credit and equity, Business E uses foreign
currency loans and export rediscount credits, and Business F supplements short-term bank loans with checks and promissory notes. This
diversity shows that financing preferences of enterprises differ depending on their operating conditions and strategic priorities.

Tablel: The Codes of IQ1- Financial Resource Instruments

Business Code Codes

Business A Short-term bank loans, factoring, and leasing.

Business B Revolving credit, forward yarn supply

Business C Foreign currency-based business loans, prepaid chemical supply, and
leasing

Business D Spot credit, equity priority, distance from credit

Business E Foreign exchange loans, export rediscount credits, and leasing investment

Business F Checks, promissory notes, and short-term bank loans

Business G Green loan, grant, prepaid partnership financing

The second interview question examined how businesses’ use of artificial intelligence shapes their access to financial resources and their
relationships with these resources. Sample answers were also presented.

1Q2: How does the use of artificial intelligence affect businesses' access to financial resources and their relationship with these resources?
Business B: "We used to approach banks with estimated Excel spreadsheets, but frankly, they weren't very convincing. Now, we present
the banks with three-scenario cash flow statements generated by the Al system. For example, the graphs clearly show how much of a deficit
we'll be in if the exchange rate hits 33 TL, 35 TL, or 36 TL. This way, we support our loan requests with much more robust data. Bank
representatives now find us more institutional and predictable."

Business D: "Thanks to Al our supply chain analyses have become clearer. We now know which raw materials we'll need in which periods.
This gives us a significant advantage in pre-financing planning... Our Al system warned us that capacity would exceed 80% in the next
two months. With this information, we were able to go to the bank and say, 'We'll need more cash during this period.' It doesn't provide
direct loans, but it allows us to take early action. This positively impacts our relationships."

Business F: "In the past, we generally negotiated leasing agreements with the guidance of sales representatives. Now, with Al, we create
realistic payment plans based on the amortization period and productivity of the device. This has allowed us to negotiate more favorable
rates... The analytical support from Al has given us greater bargaining power."

The responses reveal how businesses develop various forms of dependencies and leverage in accessing and interacting with financial
resources through Al, with cash flow forecasting, supply chain forecasting, and payment planning being particularly prominent. Table 2
illustrates the transformative effects of Al on sample firms’ access to financial resources and their relationships with these resources. For
example, Business B provides more compelling information to banks with three-scenario cash flow statements. While Business D gains an
advantage in pre-financing planning enabled by supply chain analysis, Business F creates depreciation and efficiency-based leasing plans.
These applications reveal the decision-support role of artificial intelligence and its function in increasing the bargaining power of businesses.
Other businesses in the table also use Al in various ways. Some optimize credit planning by estimating energy costs, plan credit use through
raw material forecasts, and leverage green loan applications using carbon footprint data. These findings indicate that Al enhances both
data-driven decision-making and strategic credit management in financial relationships.

Table2: The Codes of 1Q2- Al Impact on Financial Resource Relations

Business Code Codes

Business A Data-backed credit reports in communication with banks

Business B Accelerating credit processes with scenario analysis

Business C Credit planning with energy-cost estimation

Business D Planned loan usage with raw material forecast

Business E Al's contribution to leasing timing

Business F Al provides bargaining power in depreciation-based leasing planning
Business G Applying for a green loan with your carbon footprint

The impact of artificial intelligence on short-term and long-term financial instrument selection decisions was asked of the interviewees
through 1Q3.
1Q3: How does Al factor into decisions about choosing short-term or long-term financial resources?
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Business D: “Because our production schedule is so variable, we generally use short-term resources... Our Al system only offered us a
long-term loan recommendation, but management declined because the system's forecasting isn't fully reliable. Therefore, we still manage
labor and fabric financing with 3-month spot loans. In short, the Al couldn't influence the decision, but it did at least provide an analysis.”
Business E: “Al now clearly tells us: short-term loans are unsustainable. Especially considering currency fluctuations and investments with
long amortization periods, long-term leasing and investment loans have become much more logical... This year, for the first time, we
invested in carbon reduction as part of the 'green agreement' and used a 48-month lease. Our Al system calculated the investment's payback
period, and based on this analysis, the bank relaxed its collateral requirements."

Business G: "For the last two years, we've been focusing on long-term development loans and leasing options because our Al system can
calculate the return on investment. For example, for our last machine purchase, the system predicted a 28-month return, so we opted for a
36-month lease... Furthermore, the Al analyzed our carbon emission values, showing we were also eligible for a green loan. This enabled
us to establish a more sustainable structure with long-term financing."

These responses illustrate how Al is impacting the selection process for financial resources based on their maturity and shaping businesses'
strategies for choosing short- or long-term financial resources. Sample interview data highlight that the shift from short-term spot loans to
long-term leasing and investment loans has a significant impact on risk management and sustainability objectives.

Table 3: The Codes of IQ3- Al Role in Short- vs. Long-Term Financing

Business Code Codes

Business A Shifting from short-term to long-term use in borrowing using Al
Business B First 1-year loan with cost-benefit analysis over 6 months offered by Al
Business C 24-month loan decision based on energy analysis

Business D Short-term resource retention despite Al recommendation

Business E Long-term leasing, green investment loan preference

Business F Early loan application after order forecast, but still committed to short-
Business G term

Long-term leasing and development loan preferences based on Al data

Business D cannot afford to abandon short-term loans and uses Al analytics only as a reference. Business E, on the other hand, prefers
long-term leasing and green investment loans, while Business G ensures sustainability with long-term financing based on Al data. This
demonstrates the decision-support and guidance role of Al. Some other businesses in Table 3 plan transitions from short-term to long-term
with cost-benefit analyses; make credit decisions based on energy analysis; and apply for loans early using order forecasts. Other businesses,
however, still rely on short-term resources. These findings show that artificial intelligence provides both analytical insights in financial
decision processes and supports long-term sustainable financing strategies.

The fourth interview question explored how Al reduces reliance on external financial resources by optimizing internal resource use through
inventory management and cost control. The use of Al in businesses directly contributes to improvements in inventory turnover, reducing
energy costs, reducing credit usage, and improving cash flow.

1Q4: What role does artificial intelligence play in encouraging businesses to use internal resources and reduce their dependence on external
resources?

Business A: "We used to hold more inventory than necessary because we were manually planning sales and supply. The Al application
analyzed our inventory turnover and showed that we held 90 days' worth of inventory on some products. Now, we've reduced that inventory
to 30 days. The difference is that we have cash on hand. We used to meet this cash need with bank loans, but now, thanks to the system's
predictions, we can use our internal resources efficiently... So our credit usage decreased by approximately 20% in the last quarter."
Business C: "We switched to a night shift system based on Al's suggestion because energy costs were too high during the day. The system
showed that night shifts would consume 15% less energy. This switch reduced our electricity costs, allowing us to pay suppliers earlier.
We previously applied for revolving credit for those payments. Now, we're using this cost advantage as an internal resource. By optimizing
spending, Al indirectly reduces the need for credit."

Business F: "The Al system didn't make a significant contribution when it was first installed, but after inventory analysis, we began to
better understand when to buy which fabric... We used to buy excess yarn and keep it in stock for two months. Now, we've reduced that
period to three weeks. It didn't eliminate our direct credit needs, but it did eliminate the need for short-term bank loans for two months. It's
a small gain for now, but if it continues this way, the system could be even more effective in generating internal resources."

Table 4: The Codes of IQ4- Al Role in Internal Resource Utilization and Dependency Reduction

Business Code Codes

Business A Reducing the need for credit through stock optimization
Business B Keeping cash in with inventory planning

Business C Internal payment to suppliers with reduced energy costs

Business D Reducing overtime costs through shift plan optimization
Business E Creation of internal resources by reducing the waste rate
Business F Preventing overstocking and reducing credit usage with Al
Business G Reducing the need for financing by controlling the waste rate and

energy consumption

In the examples, Business A reduced its inventory turnover from 90 days to 30 days, reducing its credit usage. Business C can make early
payments to suppliers as a result of energy optimization. Furthermore, Business F temporarily eliminates the need for short-term bank
loans through inventory analysis. These applications demonstrate the contributions of Al to internal resource creation in various fields and
illustrate how management strategies can be implemented in practice. Similarly, other businesses in Table 4 also reduce financial depend-
ency by using artificial intelligence. Some activate their internal resources through stock optimization and overstocking prevention, while
others control shift planning and energy consumption. The findings reveal that Al increases the financial flexibility of businesses both by
directly reducing costs and indirectly reducing the need for credit and external financing.

The next part of the interview explored how artificial intelligence transforms traditional financial behavior in organizations, and the fifth
interview question was created in this context. The responses demonstrate how Al is transforming risk management and investment-col-
lection practices in financial decision-making. Table 5 summarizes the observed implementations of this transformation across the firms.
1QS5: Has Al led to the development of new practices that differ from traditional forms of financial behavior?
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Business B: "We used to work extensively with checks and promissory notes. Now, Al analyzes customer payment performance and
generates a risk score. For example, last month, two out of four checks were marked 'high risk.' We planned our goods shipments accord-
ingly. While this may seem like a simple analysis, it saved us from significant losses... Furthermore, the leasing decision was made based
on Al reports. We leased the automated quality control system based on this report, resulting in a 15-month amortization period."
Business D: “Our transition to new Al-based behaviors has been very limited. We take it into account when the system indicates a "delay
risk" for some customers, but the industry still has a bill-and-check culture. The system's predictions are sometimes accurate, and sometimes
they're wrong. Therefore, Al only provides us with "preliminary information. But even this sometimes protects us from significant risks.
For example, when the system determined a customer's payment risk was high, we postponed the shipment of goods, and their payment
was indeed delayed.”
Business E: "We no longer make decisions outside of Al. Previously, we shaped our investment decisions with predictive data; now, we
receive an Al system analysis for every investment. For example, before purchasing the automatic winding line last year, the simulation
generated by the system calculated an 18% efficiency increase. We presented this report to the leasing company and were able to extend
the installment plan to 60 months... We also use customer-based collection algorithms; we assign a risk score based on past payment
performance and work with installment plans accordingly. We used to pay with checks and promissory notes; now, even collection has an
algorithm."

Table 5: The Codes of IQ5- Al-Driven Innovations in Financial Practices

Business Code Codes

Business A Reducing check-bill usage with Al alerts

Business B Pre-collection risk analysis, leasing decision based on Al

Business C Chemical stock management optimized with Al, early payment implementa-
tion

Business D Limited Al-based shipping decision methods

Business E Client risk scoring, automatic investment reporting, and algorithmic
collection

Business F Only stock estimation, traditional system is dominant

Business G Seasonal production planning and financial calendar synchronized with Al

Business B reduces the use of checks and promissory notes through risk scoring based on customer payment performance. Business D
manages payments by considering limited Al-based shipping decisions. Business E bases its investment and collection processes entirely
on Al analytics. These applications demonstrate how Al is shaping new forms of behavior compared to traditional financial practices.
Businesses using Al to manage chemical inventory, early payments, seasonal production planning, and financial calendar synchronization
have developed financial behaviors that differ from traditional practices. Some businesses use Al merely as a support tool, while others
transform their financial behavior by moving away from traditional methods.

The next section of the interviews investigates how finance managers' skills in utilizing artificial intelligence generate differences in busi-
nesses’ access to financial capital and reliance on external funding.

1Q6: How does the ability of financial managers to use artificial intelligence affect their dependence on and access to financial resources?
Business B: “Our managers are very experienced with Al outputs... We've been actively using them since 2023. Before every loan appli-
cation, we generate scenario-based cash flows from the system and submit them to the bank. When the bank sees these files, they consider
us a 'prepared company.' This allows us to access financing more easily. Mastering Al data definitely creates a financial advantage.”
Business F: “Frankly, our managers are struggling to use Al It's been eight months since the system was installed, but we're still relying
on external support to produce output... The reports are ready, but they don't know how to interpret them. Therefore, they use the Al system
only as a visual representation, and decisions are still made the old-fashioned way. When we meet with banks, we go with traditional
balance sheets and projected cash flows, not Al data. The system exists, but it's not usable.”

Business G: “Our finance managers are also very knowledgeable about data analysis. Most of them learned to use the Al platform them-
selves and even manually update the parameters of some system outputs. This skill has given us a significant advantage in green loan and
grant programs... For example, we benefited from a zero-interest loan by fully entering carbon footprint data. If he had a traditional
manager, we would have missed many of these applications. His mastery of Al has been very effective in reducing our dependence on
external resources.”

Managers’ Al skills create differences in businesses’ access to financial resources, with some using Al analytics to enhance cash flow
scenarios and facilitate credit access. Others use the system only slightly and rely on traditional reporting methods. These differences
indicate that managers’ Al competencies influence both the quality of financial decisions and the strategies for accessing financial resources.
Table 6 presents the coded responses of the seven firms, highlighting how finance managers’ Al proficiency shapes both their reliance on
and access to financial resources.

Table 6: The Codes of IQ6- Managerial Al Competence

Business Code Codes

Business A Moderate usage, classified Al use in investment decisions

Business B An Al-savvy manager actively uses data in communication with the bank

Business C Indirect use of technical expertise, transfer of analysis to the manager

Business D Management is cautious, has limited trust in Al, and low usage in deci-
sion-making processes

Business E High-level technical skills, direct production of investment-carbon
analyses

Business F Insufficient use, need for external support, classical approach dominant

Business G Highly skilled grant, green loan, and data-driven application management

Firms have improved their investment decisions through managers' Al know-how, analytical skills, and interpretation of system outputs.
Similarly, they have also improved their financial performance in areas such as evaluating carbon and green financing opportunities and
bank communication. These findings demonstrate the importance of managers’ Al skills in minimizing reliance on external capital. They
also highlight how such skills improve access to financial resources.
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The final interview question explored how Al analytics can reduce or manage financial managers' reliance on external financial resources
in their strategic decision-making processes. The diverse strategic approaches, particularly in areas such as raw material procurement,
inventory management, and financial calendar planning, were illustrated.

1Q7: How do Al-supported decisions of financial managers shape strategic measures taken to reduce or manage external resource depend-
ency?

Business A: "Our Al system predicts which quarter of the year raw material prices will be lower. This allows us to make bulk purchases...
Our manager used this data to bring yarn purchases three months earlier, giving us a significant financial advantage. Thanks to this strategic
decision, we no longer need revolving credit. While we used to make this decision based on intuition, we now make it based on data. In
other words, we reduce dependency by predicting resource needs."

Business C: “We're also trying to leverage Al strategically. Based on this, we implemented a new inventory management policy last month.
Instead of overbuying, we now only purchase the quantities suggested by Al. This has reduced both inventory costs and the need for short-
term credit... While we used to apply for leasing or loans strategically, we now make more cautious and timely decisions with Al insights.”
Business E: "With Al analysis, we foresaw that our production capacity would be overloaded during certain periods. Anticipating that this
situation could increase the need for external financing, we took early precautions... We timed leasing agreements to coincide with periods
where we would experience capacity reductions. Furthermore, our manager synchronized the production calendar with the financing cal-
endar. Al guides this process, and our manager makes strategic decisions based on this data."

Table 7: The Codes of IQ7- Al-Supported Strategic Decisions

Business Code Codes

Business A Bulk purchasing based on raw material price analysis, preventing the need
for credit

Business B Financing planning based on order density

Business C Reducing credit demand through optimization in chemical purchasing and
stock management

Business D Early loan application based on order flow forecast

Business E Synchronization of the leasing and financing calendar with the production
cycle

Business F Solution without resorting to short-term financial resources with inventory
cycle management

Business G Strategic timing and data-based decisions in grant and funding
applications

Table 7 reveals how financial managers' Al-enabled decisions shaped strategic measures taken to reduce or manage external resource
dependency. Business A advanced raw material purchases and eliminated revolving credit based on Al forecasts, while Business C reduced
short-term credit by following Al recommendations in inventory management. Business E synchronized its leasing and financing schedule
with the production cycle using production capacity forecasts. Together, these decisions demonstrate how strategic implementation reduced
reliance. Other businesses have implemented Al-enabled measures such as order density forecasting, chemical purchasing optimization,
and inventory cycle management.

6. Discussion

Recent studies increasingly view Al as a tool that eliminates traditional financial dependency models. It also creates new technological and
data dependencies that require active management controls [15,16,17,18]. According to RDT, Al-based technologies may serve as strategic
buffers, helping firms reduce exposure to financial institutions through cash flow forecasting, dynamic pricing, and customer segmentation.
However, they also create new dependencies on data providers, algorithm transparency, and technology suppliers. This dual role highlights
the need to conceptualize Al-induced dependencies in two dimensions: mitigating conventional resource vulnerabilities and managing risks
linked to technological adoption. On this basis, the discussion of textile SMEs examines the experience and reactions of financial managers
to these dynamics. These findings are organized around seven interpretive questions that examine the impact of Al on the conventional
financial reliance of firms.

Interview Question 1 (IQ1) investigated the financial resources that SMEs in the textiles sector are most reliant upon. The examination
indicated an intensive use of short-term instruments, including bank loans, supplier credit, and leasing. Codes like “intensive use of short-
term bank loans” and “credits for raw-material purchases based on foreign exchange” describe firms’ reliance on external funds. This
strategy helps maintain liquidity in contexts of exchange-rate volatility and import-oriented cost structures. “Seasonal reliance on suppliers’
credits” indicates that firms experience seasonal financial constraints due to fluctuating industry demand. These trends validate that finan-
cial reliance cannot always be explained circumstantially, but tends to be ingrained in the firm's operating paradigm.

These findings align with recent research highlighting the importance of short-term financial instruments and liquidity management for
SMEs. Buyun [36] reveals that exchange rate volatility negatively affects access to bank loans, with banks becoming more risk-averse
during unstable periods. Condronegoro and Hasibuan [37] indicate that liquidity limits hedging activities in textile firms, while firm size
and financial difficulties increase the likelihood of hedging against exchange rate fluctuations. Khan and Siddiqui [38] show that financial
leverage and supply chain financing positively influence textile firm performance, with liquidity playing a significant and central role in
this process.

1Q2 was centered around how Al influences firms' access to funds and their dealings with financial institutions. The code “improved access
to credit through Al-driven scenario analysis” indicates that predictive analytics help firms provide dynamic, prospective cash flow reports,
boosting their bank credibility. “Planned credit use with Al-backed supply forecasts” indicates how Al converts the use of credit from
reactive into strategic, enabling firms to forecast requirements and bargain with greater strength. Moreover, “Al-enabled amortization-
based leasing negotiation” indicates the increasing prominence of Al in designing and timing financing arrangements better.

The results align with evidence in the literature on the transformation of access to finance for SMEs by Al. For example, Thuoma et al. [39]
show that Al-based cash flow forecasting and dynamic pricing models can enhance the efficiency and profitability of SMEs' decision-
making processes. Similarly, Abdul-Azeez et al. [40] demonstrate that banks are increasingly using Al and data analytics to develop more
realistic risk assessment and credit scoring systems, which can help integrate SMEs previously excluded from the financial system.
Omokhoa et al. [41] highlight the importance of credit scoring applications based on alternative data and machine learning in promoting
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financial inclusion by streamlining debt repayment processes. Taken together with field findings, these studies show that Al not only
facilitates credit access but also reshapes financial relationships.

1Q3 investigated the impact of Al on financing horizon preferences. More companies began to prefer longer-term financing because of
“Al-based leasing timing and credit maturity planning,” implying an end to short-termism. The code “preference for long-term development
loans and leasing with Al data” illustrates how Al assists companies in coordinating loan terms with payback periods for capital investments.
These changes illustrate how Al instruments facilitate financial planning sustainability, enabling companies to coordinate liabilities with
production cycles.

Contemporary research partially supports this trend. Thuoma et al. [39] show that Al-based cash flow forecasts and real-time data improve
financial planning and support strategic loan maturities. Zamil [42] finds that Al enhances forecast accuracy, decision speed, and overall
financial performance, but does not address shifts from short- to long-term financing. This study adds a new perspective by examining AI’s
impact on financing maturity preferences. Alirezaie et al. [43] note that transparent Al-based forecasts facilitate access to long-term fi-
nancing. This study’s findings further reveal a transformation in firms’ strategic maturity choices. Overall, Al increases accuracy and speed
and reshapes companies’ financing horizons.

1Q4 explored behavioral transformations in financial practices induced by Al. Codes such as “shift from conventional credit tools to algo-
rithm-based ones” and “replacement of human decision-making with Al simulations” indicate a broader cultural transition in financial
management. No longer do companies depend upon interpersonal connections or intuitive judgment but use Al models to simulate cash
flows, appraise risks, and time payments. This represents a professionalization of financial behavior with technology.

Current studies show that Al adoption in SMEs is fundamentally transforming financial decision-making from intuition-based to data-
driven approaches [39,44]. Al-driven tools, including machine learning and predictive analytics, enhance accuracy, speed, and efficiency
in financial processes by automating routine tasks such as invoicing and expense tracking. These systems enable real-time data integration
for improved cash flow forecasting and dynamic pricing models that respond to market conditions. While adoption faces barriers such as
implementation costs, limited technical expertise, and data privacy concerns, Al fosters a cultural shift toward data-driven decision-making,
professionalizing financial practices within SMEs [42,45].

1Q5 gauged the impact of Al on the timing and mode of credit utilization. The code “Installment simulations with Al support for big
investments” discloses that companies utilize Al in predicting payment abilities while structuring loans optimally. “Payment timing with
Al support based upon receivables” indicates that payment periods could be aligned with inflows more accurately, lowering liquidity risk.
The strategies point to where Al increases financial operations' precision while lessening uncertainty about the use of credits.

The study's findings reveal that Al tools play a significant role in optimizing credit utilization in SMEs. Similarly, Ihuoma et al. [39]
highlight that Al applications enhance financial decision-making and cash flow forecasting, while Schonberger [46] emphasizes that Al
speeds up decisions by optimizing business processes. Kok Wah [47] shows that FinTech and Al solutions improve transparency, raise
loan approval rates, and enhance financial inclusion in SME financing. From this perspective, Al enables more data-driven and effective
implementation of financial strategies such as loan timing, installment planning, and structuring [41,40,43].

1Q6 concentrated on managerial proficiency in Al use. The code “data-backed communication with financial institutions” shows that Al-
proficient managers improve firms’ access to financial resources. Similarly, “incorporation of Al into financial decisions” indicates that
cross-functional teams better leverage Al outputs. These results validate that adopting Al alone isn’t adequate—managerial competency
plays an important role as an enabler.

Supported by recent literature, these results demonstrate the importance of managerial competence in Al adoption. For instance, Mamma-
dov et al. [48] show that SMEs led by managers with university degrees or high-level professional training achieve higher adoption rates.
Thuoma et al. [39] highlight that Al tools improve financial management by automating bookkeeping, using predictive analytics, and
providing real-time cash flow forecasts, thereby enhancing decision-making accuracy and efficiency. This is particularly relevant for fi-
nancial risk analysis and investment management in SMEs [49]. Collectively, these studies indicate that managerial competence is a key
determinant for SMEs to leverage Al effectively in financial operations.

1Q7 asked if Al brings new dependence. Indicators like “dependency on Al skills,” “reliance on software suppliers,” and “insufficiency in
capacity to interpret Al output” suggest new vulnerabilities. While Al reduces dependence on conventional financial intermediaries, it
generates dependency on technical, cognitive, and infrastructural dimensions. This transition reveals a paradox: digital tools designed to
reduce external dependency also create new internal constraints that require active governance. These insights contribute to Resource
Dependence Theory by highlighting that digitalization reshapes the nature of dependence rather than its extent. Al reconfigures the sources
as well as the type of financial dependence. Textile SMEs need to embrace Al instruments, but create within themselves the in-house
capabilities as well as strategic insight with which to deal with the new reliance that they engender. In this context, the literature suggests
various strategies for managing new dependencies with Al applications. Strategies such as internal corporate training, supplier diversifica-
tion, and process optimization can effectively reduce the dependencies SMEs encounter during Al integration. Contemporary research
supports these observations. For instance, Peretz-Andersson et al. [50] show that manufacturing SMEs manage these dependencies by
managing Al resources through structured portfolios and coordinating processes with learning/guidance capabilities. A systematic review
of 106 studies by Schwaeke [49] identified eight critical factors influencing the success of Al applications. Oldemeyer et al. [51] highlight
lack of knowledge, high costs, and inadequate infrastructure as the most common barriers, emphasizing SMEs’ dependence on external
funding and advisory support. Failure to effectively manage these factors can lead to Al projects becoming dependent on other resources
and conditions. Indeed, Schonberger [46] found that privacy concerns and the need for specialized skills increase dependencies in Al
applications among SMEs in Germany. In this context, textile SMEs must build internal competencies and strategic foresight to manage
new dependencies arising from Al adoption.

However, even with the small sample size of the research, the results provide some hints into how Al-generated dependencies should
manifest in the textile industry in various ways. Even with the small research sample, the results provide insights into how Al-generated
dependencies manifest in the textile industry. In the literature, high-quality data access—based dependencies dominate the financial sector,
whereas software provider and data governance—based dependencies are decisive in the manufacturing sector [52,53]. Likewise, inadequate
governance in other sectors of the state, like health and education, results in the development of dependencies of various kinds [54]. These
results can be conceptually linked to data from the textile sector; examples from other sectors and this case study suggest that conceptual
inferences can be drawn based on the literature. In this respect, the methodological support is offered by the methods of analytical gener-
alization and conceptual inference proposed by Safari [55] and Broderick et al. [5S6]. Moreover, Fernandez-Vidal et al. [57], Zhu [58], and
Yang et al. [59] present the conceptual underpinning of the significance of cross-sector comparative analyses. Future studies may connect
the findings on the textile industry to other industries and discuss dependency and governance more holistically.

Recent surveys show that the adoption rates of Al in the healthcare and finance industries are high. In the manufacturing industry, a large
proportion of efficiency and error-detection improvements have been achieved so far [60,61,62]. Yet, the cost, data security, shortage of
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human resources, and regulations are also common constraints in industries [63]. The presented study provides a small but real contribution
to the literature. It shows the approaches companies design to overcome the dependencies they experience, based on interviews in the
textile industry.

The examples of dependency across different sectors in the literature offer clues that can be conceptually linked to the findings of the textile
study. In this context, the analytical generalization and conceptual inference methods used by Safari [55] and Broderick et al. [56] in the
healthcare sector provide methodological guidance. They support drawing conceptual inferences by relating the findings from this single-
case study to the literature. Therefore, while the findings cannot be directly generalized to all sectors and regions, they are important for
raising awareness and initiating discussions for research in other sectors and regions.

7. Conclusion and Future Work

This study examined how Al shapes financial resource dependence in textile SMEs in Istanbul, Tiirkiye, through the lens of Resource
Dependence Theory (RDT). Findings highlight AI’s dual role: reducing traditional financial dependencies while creating new technology-
and data-related dependencies, which underscores the need for effective management, targeted training, and cross-functional coordination.
Interviews with finance managers revealed improvements in strategic financial planning, credit timing, cash flow simulation, and raw
material forecasting, alongside emerging reliance on technical staff, software platforms, and high-quality data. Future research should
explore Al governance and dependency dynamics across sectors and economic or cultural contexts, using comparative or longitudinal
designs. Quantitative studies could validate these insights by measuring Al adoption, financial performance outcomes, and dependency
structures in larger SME samples. Overall, these findings extend RDT’s theoretical scope and provide actionable guidance for SMEs to
leverage Al as a tool for financial empowerment rather than a source of constraint.
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