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ABSTRACT

This study examined the role of online booking platforms and artificial intelligence in
relation to dynamic capabilities and competitive advantage among South African hotel
SMEs. The study addressed a practical and theoretical problem: although smaller hotels
increasingly rely on digital tools, it remains unclear how these tools relate to capability

development and competitive outcomes in an emerging-market context.

A quantitative, cross-sectional design was used. Data were collected from 239 South
African hotel SMEs and analysed in SPSS using regression analysis. The results
showed that online booking platform utilisation and artificial intelligence utilisation did
not significantly predict data-driven capability development, and data-driven capability
development did not significantly predict sensing, seizing or reconfiguring capabilities.
By contrast, the dynamic capability dimensions were all positively associated with
competitive position, with seizing emerging as the strongest predictor. An additional
finding was that stronger OBP utilisation was positively associated with higher Al

utilisation.

The study contributes to Dynamic Capabilities Theory by showing that, in this context,
capability rather than technology was the main driver of competitive outcomes.
Practically, the findings suggest that hotel SMEs should treat online booking platforms
and artificial intelligence as tools that require strong managerial routines and decision

processes, rather than as standalone solutions.

Keywords: online booking platforms, artificial intelligence, dynamic capabilities,

competitive advantage, hotel SMEs
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CHAPTER 1: INTRODUCTION TO THE RESEARCH PROBLEM

1.1 Introduction and Context

Hotels do not compete in the same way they did ten years ago. Online booking platforms
such as Booking.com and Expedia now shape how travellers search, compare and book
accommodation. Artificial intelligence has also moved into forecasting, pricing and
revenue management. Large hotel groups have usually absorbed these tools into
established systems and specialist roles. Smaller independent hotels have had a harder
task. They can access the same tools, but they do not always have the routines or

management capacity needed to turn them into better decisions.

This issue is sharp in the South African hotel SME sector. Many independent properties
work with tight budgets, small management teams and unstable operating conditions.
Online booking platforms can widen market reach, but they also bring commission costs
and a measure of dependence on third-party channels. Al tools can assist with pricing,
forecasting and targeting, but adoption is often patchy and unevenly embedded in day-
to-day management (TBCSA, 2023).

This chapter introduces the study. It sets out the background to the problem, the
research problem itself, the purpose of the study, the research objectives and questions,

the scope of the study and the structure of the report.

1.2 Background to the Problem

Online booking platforms changed how small hotels reached customers. They made
price comparison and booking simpler for travellers and gave smaller properties access
to demand that had previously been harder to reach. At the same time, they introduced
new pressures. Independent hotels had to contend with commission costs, ranking

algorithms and rate parity rules, all of which affected visibility and margins.

Artificial intelligence entered hotel operations through tools used for demand
forecasting, dynamic pricing, marketing automation and review analysis (Buhalis et al.,
2023; Doborjeh et al., 2022). In principle, these tools gave smaller properties access to
analytical support that had once been associated with specialist revenue teams in large

hotel groups.



The South African hotel SME context made this difficult to manage. Hotels operated
under volatile demand, cost pressure and infrastructure constraints. Load shedding and
rising operating costs often pushed managers toward immediate operational problems

and away from the slower work of building routines around data and analysis.

Dynamic Capabilities Theory helps explain why some firms gain more from digital tools
than others. Teece (2007) argued that firms in volatile environments perform better when
they can sense opportunities and threats, seize them in good time and reconfigure
resources and routines as conditions change. In hotels, this can be seen in how
managers read demand signals, adjust pricing and channel strategy, and alter operating

practices when the market shifts.

In practice, access to OBPs and Al has not produced the same outcomes for all
properties. Some hotels use these tools in a disciplined way and make better pricing,
distribution and operating decisions. Others have adopted the tools but use them far
less systematically. The difference appears to lie less in access to technology than in
the routines and management habits built around it (Brynjolfsson & McElheran, 2016;
Mikalef et al., 2020).

1.3 South African Hospitality SMEs: Sector Profile and Operating Context

The South African hotel industry included about 3,700 registered accommodation
establishments in 2023, with SMEs making up most operating properties by number
(Statistics South Africa, 2023). The sector contributed about 3% of gross domestic
product and supported an estimated 700,000 direct and indirect jobs (TBCSA, 2023).
Independent hotel SMEs operated across a wide range of settings, from Gauteng and
the Western Cape to smaller towns, wildlife corridors and coastal destinations. Most
were owner-managed or small-scale operations, with far less access to specialist staff,

capital and centralised systems than large chain hotels.

These structural features mattered for digital capability. In many SME hotels, a single
owner or manager covered revenue, marketing, channel management and operations.
Investment in advanced systems and staff training was often limited. Load shedding and
other operating pressures also pulled management attention toward short-term
problems. In a context like this, digital tools could be available without being fully

absorbed into routine management practice.



This is why the study focused on data-driven capability development. The question was
not simply whether hotels had access to OBPs and Al. It was whether they had built the
routines, accountability and decision habits needed to use those tools well enough to

improve performance.

1.4 Research Problem Statement

South African hotel SMEs have widely adopted online booking platforms, and a growing
number have also started using artificial intelligence tools. What is less clear is how
these technologies relate to the capabilities that support sustained competitive

advantage.

The problem has a business side and a research side. From a business perspective,
many SME hotel operators still treat OBPs and Al as stand-alone tools rather than as
part of a broader management system. That can deepen platform dependence, weaken
differentiation and produce uneven performance, especially where margins are already
under pressure (TBCSA, 2023). From a research perspective, much of the work on
OBPs and Al has focused on adoption, perception or short-term operational outcomes.
Less attention has been given to the way these technologies may contribute to data-
driven routines, dynamic capabilities and, through them, competitive advantage in
emerging-market SME settings (Gupta & George, 2016; Mikalef et al., 2020; Teece,
2018).

The research problem, therefore, was this: South African hotel SMEs were adopting
online booking platforms and artificial intelligence, but it remained unclear how these
technologies related to data-driven capability development, dynamic capabilities and

competitive advantage.

1.5 Purpose of the Study

The purpose of the study was to examine how online booking platforms and artificial
intelligence related to dynamic capabilities and competitive advantage in South African
hotel SMEs. Data-driven capability development was treated as the intervening

construct linking digital tool use to later outcomes.



1.6 Research Objectives

Five objectives guided the research. First, it measured the extent of OBP utilisation in
South African hotel SMEs and examined its relationship with data-driven capability
development. Second, it measured Al utilisation and examined its relationship with data-
driven capability development. Third, it tested whether data-driven capability
development related to the three dynamic capability dimensions, sensing, seizing and
reconfiguring. Fourth, it tested the relationship between dynamic capabilities and
competitive advantage. Fifth, it examined the proposed indirect path through which OBP
utilisation and Al utilisation were expected to relate to competitive advantage through

data-driven capability development and dynamic capabilities.

These objectives were grounded in Dynamic Capabilities Theory, which suggests that
outcomes depend not only on what resources firms possess, but also on how managers
convert those resources into routines, decisions and adaptation over time (Teece, 2007;
Teece, 2018).

1.7 Research Questions

The main research question was: how do online booking platforms and artificial
intelligence contribute to the development of dynamic capabilities for competitive

advantage among South African hotel SMEs?

Five sub-questions supported this question. RQ1a asked about the relationship between
OBP utilisation and data-driven capability development. RQ1b asked the same question
for Al utilisation. RQ1c asked how data-driven capability development related to
sensing, seizing and reconfiguring. RQ1d asked about the relationship between
dynamic capabilities and competitive advantage. RQ1e asked whether data-driven
capability development and dynamic capabilities serially mediated the relationship
between OBP and Al utilisation and competitive advantage. These questions were

translated into testable hypotheses in Chapter 3.
1.8 Rationale for the Study

1.8.1 Business Need

From a management point of view, hotel SMEs need clearer guidance on what effective

use of OBPs and Al looks like beyond simple adoption. Many properties face a basic



tension. OBPs bring bookings but can also commoditise the product and deepen
dependence on third-party channels. Al tools promise speed and better responsiveness,
but in many cases adoption appears reactive and vendor-led rather than planned around
management needs (TBCSA, 2023). This study addresses that practical problem by
examining the organisational routines and capability patterns associated with better

competitive outcomes.

The findings were expected to help owners and managers think more clearly about how
data should be used in routine practice, what information should be monitored, who
should be accountable for decisions and how those decisions should be reviewed over
time. The study was also expected to speak to a recurring problem in the sector,

fragmented digital adoption without equally structured management routines.

1.8.2 Theoretical Need

There was also a theoretical purpose. Prior work has shown that digital technologies do
not create value on their own. Their value depends on the organisational capability built
around them (Gupta & George, 2016; Teece, 2018). Drawing on that view, this study
examined whether OBPs and Al related to data-driven capability development and,
through it, to dynamic capabilities. Wamba et al. (2017) and Mikalef et al. (2020)
documented related patterns in manufacturing and technology firms. This study tested
whether similar relationships could be observed in South African hospitality SMEs, a

setting that has received less attention in the literature.

1.9 Scope and Delimitations of the Study

Hotel SMEs in South Africa were the focus. For this research, SMEs were defined as
properties with 100 rooms or fewer or annual turnover of R50 million or less, consistent
with the National Small Business Amendment Act (Republic of South Africa, 2003). The
unit of analysis was the hotel property, and the unit of observation was one informed
respondent, such as an owner, general manager, revenue or reservations manager,
operations manager or senior digital marketing manager who was directly involved in

digital tool use and performance decisions.

The study had three main delimitations. First, it used a cross-sectional design, so
relationships were observed at one point in time rather than over time. Second, it relied

on self-report survey data, which introduced the possibility of common method bias and



perceptual error. Third, competitive advantage was measured through comparative
perceptual indicators rather than audited financial results. These issues were addressed
through the design and screening procedures discussed in Chapter 4 (Armstrong &
Overton, 1977; Dillman et al., 2014; Podsakoff et al., 2003).

1.10 Key Concepts and Operational Definitions

The key concepts used in the study were defined as follows. Online Booking Platforms
(OBPs) referred to third-party digital platforms that enabled hotel search, comparison
and booking and generated data on demand, pricing and customer behaviour (Stangl et
al., 2016). Artificial intelligence (Al) utilisation referred to the extent to which hotel SMEs
used Al-enabled tools or functions, such as demand forecasting, pricing
recommendations, marketing automation, reputation analytics and service automation,
to support decisions and operations (Alrawadieh et al., 2021; Doborjeh et al., 2022).
Data-driven capability development (DDCD) referred to the routines and competencies
through which a hotel collected, interpreted and acted on data in decision-making,
including consistent monitoring, evidence-based decisions and learning routines
(Brynjolfsson & McElheran, 2016; Gupta & George, 2016). Dynamic capabilities referred
to the organisational ability to sense opportunities and threats, seize opportunities
through timely resource commitments and reconfigure assets and routines as conditions
changed (Eisenhardt & Martin, 2000; Teece, 2007). Competitive advantage referred to
the hotel's perceived ability to outperform comparable competitors through
responsiveness, differentiation and stronger performance associated with capability

advantages.

1.11 Structure of the Research Report

The report is organised into seven chapters. Chapter 1 introduces the research problem
and the purpose of the study. Chapter 2 reviews the literature and develops the study's
conceptual argument. Chapter 3 sets out the research questions and hypotheses.
Chapter 4 explains the research design, measurement and analysis approach. Chapter
5 reports the empirical results. Chapter 6 discusses those results in relation to theory
and prior research. Chapter 7 concludes the study and sets out the implications,

limitations and recommendations.



1.12 Chapter Summary

Chapter 1 has outlined the setting for the study and explained why the topic matters in
both practical and theoretical terms. It set out the research problem, purpose, objectives,
research questions, scope and key definitions. Chapter 2 now reviews the literature on
online booking platforms, artificial intelligence in hospitality, data-driven capability
development and dynamic capabilities, and uses that literature to develop the

conceptual argument for the study.



CHAPTER 2: LITERATURE REVIEW

2.1 Introduction

Chapter 2 reviews the literature that underpins the study. It brings together three strands
of work: Dynamic Capabilities Theory, research on OBPs and Al in hospitality, and the
literature on analytics capability and data-driven decision-making. The aim is to show
how these strands relate to the research problem and to build the logic for the

hypotheses tested later in the study.

The chapter proceeds in a straightforward way. It begins with Dynamic Capabilities
Theory as the main theoretical lens. It then reviews the literature on online booking
platforms and artificial intelligence in hospitality. After that, it turns to data-driven
capability development as the construct linking digital tools to organisational action. The

chapter ends with the study's conceptual model and hypothesis framework.
2.2 Theoretical Foundation: Dynamic Capabilities Theory

2.2.1 The Resource-Based View and Its Limitations

The resource-based view explained competitive advantage in terms of resources that
were valuable, rare, inimitable and non-substitutable (Barney, 1991; Wernerfelt, 1984).
That logic is useful in relatively stable settings, but it is less able to explain performance
in markets where conditions change quickly. Dynamic Capabilities Theory addresses
this problem by shifting attention from what firms possess to what they are able to do
with those resources as circumstances change (Teece, 2007; Eisenhardt & Martin,
2000).

2.2.2 Dynamic Capabilities: Sensing, Seizing, and Reconfiguring

Teece (2007) described dynamic capabilities as the routines and competences that
enable firms to adapt resource commitments and practices as conditions change. In this
framework, sensing, seizing and reconfiguring are related but distinct processes.
Sensing refers to noticing and interpreting change. Seizing refers to acting on identified
opportunities. Reconfiguring refers to altering structures, routines and resource

combinations so that the business can adjust over time.

Eisenhardt and Martin (2000) added an important clarification. They argued that

dynamic capabilities are not mysterious firm qualities but observable organisational



processes. That point matters for this study because it supports the treatment of
sensing, seizing and reconfiguring as practical, measurable patterns of managerial

action rather than as abstract strategic ideals.

2.2.3 Dynamic Capabilities and Competitive Advantage in the Hospitality Sector

Research in hospitality suggests that hotels perform better when they respond quickly
to market signals rather than relying on static pricing and channel strategies. Pavlou and
El Sawy (2011) showed that firms that use information to adjust decisions in changing
environments perform better than those that do not. Wilden et al. (2020), in a meta-
analysis across industries, also found a positive relationship between dynamic
capabilities and performance, especially in more turbulent settings. That argument is
relevant to hospitality, where demand is volatile and competition is shaped by platforms,
reviews and real-time price comparison. In this study, competitive advantage was
treated as the hotel's perceived ability to outperform similar competitors on indicators
such as occupancy, RevPAR, repeat guest share and direct booking share, in line with
SME-oriented capability research (Mikalef et al., 2020).

2.3 SME Hotels and Online Booking Platforms

2.3.1 OBPs as Distribution Infrastructure and Data Environment

Online booking platforms such as Booking.com, Expedia and Airbnb have become
central distribution channels in hospitality. They connect travellers and accommodation
providers, reduce search costs and increase price and product transparency (Stangl et
al., 2016). For SME hotels, they open access to national and international demand
without requiring the scale of marketing spend or distribution infrastructure available to
large chains. That access comes with trade-offs. OBPs influence demand through
ranking systems, review scores and promotional tools, which can reduce pricing

autonomy and weaken direct guest relationships (Stangl et al., 2016).

OBPs also generate a steady flow of operational data, including booking lead times,
cancellation patterns, rate comparisons, conversion information and review feedback.
This is one reason they matter for the present study. Hotels that actively use
dashboards, compare competitor rates and test promotions have more opportunity to
build routines around data than hotels that treat the platforms simply as booking

channels.



2.3.2 Strategic Implications of OBP Dependency for SME Hotels

The dependence created by OBP use is well established in the hospitality literature.
Rankings are partly self-reinforcing. Hotels with more reviews, stronger scores and
higher volumes tend to rank more prominently, which then attracts more bookings and
more reviews. For small independent hotels, entering this cycle can require discounting,
heavy promotion or both. Stangl et al. (2016) reported commission rates in the European
market of roughly 15% to 25%, with additional cost for premium placement. TBCSA
(2023) reported similar concerns in South Africa, particularly in high-demand tourist

destinations where commissions materially reduced net room revenue.

At the same time, OBPs have given small hotels visibility they might otherwise never
have achieved. Verified reviews, standardised listings and booking guarantees reduce
information asymmetry between unknown independent properties and established chain
hotels. Buhalis et al. (2023) describe this as a double-edged outcome. Platforms
increase reach, but they also tighten dependency. For hotel SMEs, the practical
challenge is not to avoid platforms altogether, but to use them while gradually building

stronger direct relationships and repeat business.

2.3.3 Al Maturity and the Capability Gap in SME Contexts

The hospitality technology literature consistently shows a gap between large hotel
groups and SMEs in Al maturity. Large chains have adopted enterprise revenue
systems, customer platforms with embedded machine learning and marketing systems
that generate predictive recommendations across many properties. Because these
systems draw on high volumes of data and are reviewed by specialist teams, their

outputs tend to be more stable and easier to use in routine decision-making.

Prentice et al. (2020) make an important distinction here. Paying for an Al tool is not the
same as having Al capability. Capability depends on what managers do with the
recommendations they receive, how often those outputs are reviewed and whether they
affect planning and action. This is especially relevant for SMEs, where the barrier is

often not only tool access but the organisational routine needed to make use of the tool.

OBPs, then, provide the data environment. It is Al tools that provide the analytical layer
for interpreting what that environment reveals. That is why the two technologies are

reviewed separately but treated as connected in the study's conceptual model.
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2.4 Artificial Intelligence in Hospitality

2.4.1 Al Applications and Capability Gaps

Al in hospitality is now used in forecasting, pricing, marketing automation, sentiment
analysis and guest-facing chat tools (Doborjeh et al., 2022; Huang & Rust, 2021). For
SMEs, the attraction is clear. Cloud-based products have lowered cost barriers and
made tools that were once reserved for large groups more widely available (Prentice et
al., 2020). The harder question is whether smaller properties have the routines, skills

and governance needed to use those tools in a meaningful way.

Tussyadiah (2020) argues that Al is effective in hospitality when it is supported by good
data, staff competence, governance and regular use in decision cycles. That point
matters because it shifts attention away from tool availability and toward organisational

readiness.

The capability gap between large chains and SMEs therefore operates at two levels.
The first is access to technology, where the gap has narrowed. The second is
organisational capability, where the gap remains wider. SMEs may be able to subscribe
to Al tools, but they still need data discipline, managerial confidence and routines that

convert recommendations into action (Prentice et al., 2020; Tussyadiah, 2020).

2.5 Data-Driven Capability Development

Data-driven capability development refers to the routines, competences and governance
arrangements through which firms collect, interpret and use data in decision-making. In
the analytics literature, this kind of capability matters because data on its own does not
create value. Value depends on the organisational ability to work with the data in a

disciplined way.

Mikalef et al. (2020) found that analytics capability was associated with dynamic and
operational capabilities, and that its contribution to competitive performance was
stronger when it operated through dynamic capabilities than when it was treated as a

direct performance input.

In the present study, DDCD was measured through two sub-scales. DDCD_Routine
captured everyday data practices such as discussing metrics in meetings, basing pricing

on evidence and sharing insights across departments. DDCD_Governance captured
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more formal issues such as data quality standards, assigned responsibility and senior

leadership commitment to evidence-based decisions.

2.5.1 The Development Trajectory of Data-Driven Capability

A recurring point in the analytics capability literature is that DDCD develops over time.
It does not appear automatically when a firm adopts a new tool. Brynjolfsson and
McElheran (2016) showed that the advantages of data-driven decision-making were
larger in firms that had invested in the practice over several years than in recent
adopters. That matters for this study because a cross-sectional survey can only observe

one moment in what is likely to be a longer developmental process.

Shollo and Galliers (2016) make a similar point. They argue that analytics capability
emerges through repeated cycles of data use, interpretation, learning and adjustment.
A simple measure of current tool use will not always align neatly with current DDCD

scores, particularly in sectors where digital maturity is uneven.

The governance side of DDCD is likely to be even slower to form. Gupta and George
(2016) argue that governance, accountability and evidence-based norms are among the
most embedded aspects of analytics capability because they depend on organisational
culture and structure, not just on behaviour. In the South African hotel SME context,
where management systems are often informal and data roles are rarely formalised, this
part of DDCD may be particularly difficult to build and difficult to capture through self-

report survey data.

In practical terms, DDCD in a small hotel is less about owning a specific system than
about routine management behaviour. A property with strong DDCD_Routine is likely to
discuss booking data, competitor prices and guest feedback regularly and act on those
discussions. A property with strong DDCD_Governance is more likely to have defined
accountability for data quality and stronger leadership support for evidence-based
decisions. These conditions do not arise automatically from OBP or Al adoption. They

require deliberate investment in management practice over time.
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2.6 The Conceptual Model and Hypothesis Framework

The study's conceptual model treated OBP utilisation and Al utilisation as independent
variables, DDCD as the intervening explanatory construct and sensing, seizing and

reconfiguring as downstream capability variables linked to competitive advantage.

H1: OBP utilisation is positively associated with data-driven capability development.
H2: Al utilisation is positively associated with data-driven capability development.

H3a: Data-driven capability development is positively associated with sensing capability.
H3b: Data-driven capability development is positively associated with seizing capability.

H3c: Data-driven capability development is positively associated with reconfiguring

capability.

H4a: Sensing capability is positively associated with competitive advantage.

H4b: Seizing capability is positively associated with competitive advantage.

H4c: Reconfiguring capability is positively associated with competitive advantage.

H5a: Data-driven capability development and dynamic capabilities serially mediate the

relationship between OBP utilisation and competitive advantage.

H5b: Data-driven capability development and dynamic capabilities serially mediate the

relationship between Al utilisation and competitive advantage.

2.6.1 Integrating the Three Literatures: Towards a Coherent Mechanism

The three bodies of literature reviewed in this chapter, Dynamic Capabilities Theory, the
digital tool adoption literature in hospitality, and the analytics capability literature, were
related but had developed largely independently. Dynamic Capabilities Theory had been
developed primarily in technology-intensive manufacturing and knowledge-intensive
services contexts, with limited direct application to hospitality SMEs in emerging
markets. The hospitality OBP and Al literature had developed rapidly in response to
industry changes but was dominated by studies of large chain hotels in developed
markets, limiting its direct applicability to the South African SME context. The analytics
capability and data-driven decision-making literature had focused primarily on
manufacturing, financial services, and technology firms, with the hospitality sector

receiving comparatively little empirical attention.
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The literature reviewed in this chapter comes from three areas that often speak past one
another. Dynamic Capabilities Theory grew mainly out of work in manufacturing and
knowledge-intensive services. The hospitality literature on OBPs and Al developed in
response to industry changes, but much of it has focused on large hotels in developed
markets. The analytics capability literature has concentrated more on manufacturing,
financial services and technology firms than on hospitality SMEs. This study brings these
strands together around one question: how far do digital tools relate to capability

development in South African hotel SMEs?

The model used in this study treats OBPs and Al as data-generating tools rather than
as direct performance drivers. DDCD is treated as the organisational layer through which
data is converted into routines and evidence-based decisions. Dynamic capabilities are
then treated as the managerial expression of those routines in action. This is the logic
behind the study's explanatory framework. In the empirical analysis, however, these
ideas were tested through separate regression relationships rather than through a full

path model.

The developmental literature also suggests a note of caution. Shollo and Galliers (2016)
argue that capability grows gradually through repeated cycles of use, review and
adjustment. Brynjolfsson and McElheran (2016) similarly found stronger performance
effects in firms that had invested in data-driven decision-making for longer periods. That
suggests that cross-sectional studies may understate the relationship between current
tool use and current capability because they capture only one point in an unfolding

process.

The literature also suggests that sample conditions matter. Corte-Real et al. (2020)
found that relationships involving analytics capability were harder to detect in settings
where digital maturity was generally low and variation was compressed. The South
African hotel SME sector fits that description rather closely. Average OBP engagement
in this study was below the midpoint, and Al use was very low. Under those conditions,
it may be difficult to observe the expected OBP-to-DDCD relationship clearly in a cross-

sectional dataset.

This chapter has reviewed the literature underpinning the study and set out the logic of

the conceptual model. The Dynamic Capabilities Theory provided the main theoretical
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lens. The review showed that OBPs are not only booking channels but also sources of
structured data, that Al tools offer analytical support whose value depends on
organisational use, and that DDCD may be the missing layer between digital tools and
competitive outcomes. On that basis, the chapter developed ten directional hypotheses.
Chapter 3 now translates that argument into a formal research question and a

hypothesis set for regression testing in SPSS.
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CHAPTER 3: RESEARCH QUESTIONS AND HYPOTHESES

3.1 Introduction and Purpose

Chapter 3 sets out the study's main research question and the ten directional
hypotheses derived from Chapter 2. Although the study was conceptually framed as a
sequence of related relationships, the hypotheses were tested through separate
regression models in IBM SPSS Statistics rather than through a full structural or path

model.

3.2 Primary Research Question

The main research question guiding the study was: how do online booking platforms
and artificial intelligence contribute to the development of dynamic capabilities for

competitive advantage among South African hotel SMEs?

Table 1 links each supporting research question to its corresponding hypothesis or

hypotheses and to the section of Chapter 2 from which it was developed.

Table 1: Alignment of Supporting Research Questions, Hypotheses, and

Literature Basis

Supporting research Hypotheses Literature basis (Ch. 2)

question

RQ1a What is the relationship H1 Sections 2.3, 2.5
between OBP utilisation
and DDCD?

RQ1b What is the relationship H2 Sections 2.4, 2.5
between Al utilisation and
DDCD?

RQ1¢c How does DDCD relate to H3a, H3b, H3c @ Section 2.6
sensing, seizing, and

reconfiguring?

RQ1d What is the relationship H4a, H4b, H4c Section 2.6

between dynamic
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Supporting research Hypotheses Literature basis (Ch. 2)

question

capabilities and

competitive advantage?

RQ1e Do DDCD and dynamic Hb5a, H5b Sections 2.6
capabilities serially
mediate the path from
OBP and Al utilisation to

competitive advantage?

Note. DDCD = data-driven capability development; OBP = online booking platform; Al =

artificial intelligence. All hypotheses state positive directional relationships.

3.3 Hypothesis Development

3.3.1 H1 and H2: Technology Utilisation and DDCD

H1 and H2 rest on a simple argument. OBPs and Al tools produce structured information
that can, in principle, support evidence-based routines. Hotels that use OBP
dashboards, review competitor pricing, test promotional settings and pay attention to Al-
generated outputs such as forecasts or rate suggestions would be expected to build
stronger routines around data than hotels that do not (Stangl et al., 2016; Doborjeh et
al., 2022; Huang & Rust, 2021).

H1: OBP utilisation is positively associated with data-driven capability development.

H2: Al utilisation is positively associated with data-driven capability development.

3.3.2 H3a, H3b, and H3c: DDCD and Dynamic Capabilities

H3a, H3b and H3c follow from the analytics capability literature. If DDCD reflects the
extent to which managers work systematically with data, then stronger DDCD should
support better sensing, more timely seizing and more informed reconfiguring. Pavlou
and El Sawy (2011), Brynjolfsson and McElheran (2016), Mikalef et al. (2020) and Shollo
and Galliers (2016) all point in this direction, even though they studied different

industries and contexts.
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H3a: Data-driven capability development is positively associated with sensing capability.
H3b: Data-driven capability development is positively associated with seizing capability.

H3c: Data-driven capability development is positively associated with reconfiguring

capability.
3.3.3 H4a, H4b, and H4c: Dynamic Capabilities and Competitive Advantage

H4a, H4b and H4c reflect the central claim of Dynamic Capabilities Theory. Firms that
detect change early, act on it in time and adjust their routines and resources accordingly
should perform better than firms that do not. Prior research gives this expectation a
reasonable basis, and Wilden et al. (2020) provide broad empirical support across

industries.
H4a: Sensing capability is positively associated with competitive advantage.
H4b: Seizing capability is positively associated with competitive advantage.

H4c: Reconfiguring capability is positively associated with competitive advantage.

3.3.4 H5a and H5b: Pathway Mediation Hypotheses

H5a and H5b capture the full argument developed in Chapter 2. The expectation was
that OBP and Al utilisation would matter for competitive advantage not because the tools
themselves directly produce superior performance, but because they help build data-
driven routines, which in turn support dynamic capabilities. If the serial mediation chain
were confirmed, the managerial implication would be significant: it would mean that
simply buying or subscribing to a platform is not enough. SME owners would need to
invest in the human and organisational layer, specifically the DDCD routines, to see any
return on their technology spend. That is the practical reward embedded in testing this
pathway, even in a context where it was unlikely to hold in full. Mikalef et al. (2020)

provide the closest empirical precedent, though not in the hospitality SME setting.

H5a: Data-driven capability development and dynamic capabilities serially mediate the

relationship between OBP utilisation and competitive advantage.

H5b: Data-driven capability development and dynamic capabilities serially mediate the

relationship between Al utilisation and competitive advantage.
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The study also examined the relationship between OBP utilisation and Al utilisation as
an exploratory analysis. This was not part of the original hypothesis set, but it was
included because co-adoption patterns between the two technologies matter practically.
SME hotels operate under significant resource constraints. Understanding whether
engagement with one technology predicts engagement with the other has direct
implications for how industry bodies prioritise digital capability support. If OBP use acts
as a gateway to Al adoption, then deepening OBP engagement depth is the logical first
investment. If the two technologies are adopted independently, support programmes

need to address each separately.

3.3.5 Hypothesis Framework in the Context of Prior Research

The hypothesis framework follows the literature reviewed in Chapter 2, but it also
extends that literature in a specific setting. H1 and H2 apply ideas from the OBP and Al
literatures to South African hotel SMEs. H3a to H3c carry analytics capability arguments
into a hospitality setting. H4a to H4c test a relationship that is already well established
in broader dynamic capabilities research, but not yet in this specific country and sector
context. H5a and H5b bring these strands together in the study's fullest theoretical

expectation.

Testing the full set of relationships in one cross-sectional SME sample was ambitious,
but it remained worthwhile. Even where the data failed to support a relationship, that
result still helped clarify the conditions under which the original theory held or did not
hold.

3.4 Hypothesis Summary

Table 2 provides a summary of the study hypotheses and their theoretical support.

Table 2: Summary of Study Hypotheses

H Hypothesis statement Key support

H1 OBP utilisation is positively associated with Stangl et al. (2016); Buhalis
DDCD. et al. (2023)
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H

H2

H3a

H3b

H3c

H4a

H4b

H4c

H5a

H5b

Hypothesis statement

Al utilisation is positively associated with
DDCD.

DDCD is positively associated with sensing

capability.

DDCD is positively associated with seizing

capability.

DDCD is

reconfiguring capability.

positively associated with

Sensing capability is positively associated

with competitive advantage.

Seizing capability is positively associated

with competitive advantage.

Reconfiguring capability is positively

associated with competitive advantage.

DDCD and dynamic capabilities serially
mediate the relationship between OBP

utilisation and competitive advantage.

DDCD and dynamic capabilities serially
the

utilisation and competitive advantage.

mediate relationship between Al

Key support

Doborieh et al. (2022);
Tussyadiah (2020); Huang
& Rust (2021)

Teece (2007); Pavlou & El
Sawy (2011); Mikalef et al.
(2020)

Teece (2007); Paviou & El
Sawy (2011); Brynjolfsson &
McElheran (2016)

Teece (2007); Shollo &
Galliers (2016); Mikalef et

al. (2019)

Teece (2007); Eisenhardt &
Martin (2000); Wilden et al.
(2020)

Teece (2007); Eisenhardt &
Martin (2000); Wilden et al.
(2020)

Teece (2007); Eisenhardt &
Martin (2000); Wilden et al.
(2020)

Mikalef et al. (2020);
Wamba et al. (2017); Teece
(2018)

Mikalef et al. (2020); Akter
et al. (2016); Brynjolfsson &
McElheran (2016)
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Note. DDCD = data-driven capability development. All hypotheses state positive

directional relationships.

3.5 Chapter Summary

Chapter 3 has stated the study's primary research question, linked the supporting
questions to the literature and set out ten directional hypotheses for quantitative testing
through multiple linear regression in IBM SPSS Statistics. Chapter 4 explains how those

hypotheses were tested.
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CHAPTER 4: RESEARCH METHODOLOGY

4.1 Introduction

Chapter 4 explains how the study was conducted. It covers the research philosophy,
design, population, sampling, measurement, data collection, analysis strategy, ethics

and limitations.

4.2 Research Philosophy and Approach

The study followed a positivist, deductive approach. It started from theory-derived
expectations and tested them using structured survey data and regression analysis. This
approach suited the purpose of the study, which was to examine measurable

relationships between defined constructs rather than to generate theory inductively.
4.3 Research Design

4.3.1 Design Type and Time Horizon

The study used a quantitative, cross-sectional design (Saunders et al., 2019). This made
it possible to test relationships between the study variables at a single point in time. The
design also had a clear limitation. Because the data were collected once rather than

over time, the study could not establish temporal order or causality.

4.3.2 Unit of Analysis and Unit of Observation

The unit of analysis was the hotel SME property. The unit of observation was one
informed respondent from each property, such as an owner, general manager, revenue
manager or senior operations manager with direct knowledge of digital tool use and

management practices.
4.4 Population, Sampling, and Access

4.4.1 Target Population and Inclusion Criteria

The target population consisted of independently managed hotel SMEs operating in
South Africa. SME status was defined as properties with 100 rooms or fewer or annual
turnover of R50 million or less, in line with the National Small Business Amendment Act
(Republic of South Africa, 2003). Chain-managed properties that exceeded SME
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thresholds were excluded. Respondents also had to occupy roles that gave them direct

knowledge of OBP and Al use and of the property's performance levers.

4.4.2 Sampling Strategy and Achieved Sample

The sampling approach was designed to obtain broad geographic and location-type
coverage across all nine provinces and across metropolitan, secondary city and rural or
remote settings. The final valid sample of 239 cases was drawn from all nine provinces.
Gauteng accounted for 56 cases, the Western Cape for 51 and KwaZulu-Natal for 35.
The remaining cases were spread across the Eastern Cape, Free State, Mpumalanga,
Limpopo, North West and Northern Cape. In terms of location, 117 properties were in

metropolitan areas, 85 in secondary cities or towns and 38 in rural or remote areas.

4.4.3 Access Strategy and Recruitment Channels

Respondents were reached through three channels: industry bodies, professional
networks including LinkedIn and direct outreach to independent hotels using publicly
available contact details. The survey was hosted on Google Forms because it was easy
to access on mobile devices and supported mandatory responses and skip logic. Using
more than one recruitment route helped reduce dependence on a single source of

respondents.

4.4.4 Sample Size and Power Considerations

For multiple regression, Field (2018) suggests a minimum sample size of N > 50 + 8m,
where m is the number of independent variables. In the most complex model in this
study there were three predictors, which implies a minimum of 74 cases. The final valid
sample of 239 cases therefore provided adequate statistical power for the models
estimated here (Cohen, 1992).

4.5 Measurement, Instrument Development, and Operationalisation

4.5.1 Instrument Design

Data were collected through a self-administered online questionnaire on Google Forms.
The items were adapted from previously validated scales and adjusted to fit the hotel
SME setting. Two industry practitioners reviewed the instrument before the pilot stage,

and a pilot test was used to check clarity, face validity and likely completion time (Dillman
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et al., 2014; Saunders et al., 2019). The questionnaire covered property profile and

screening, OBP utilisation, Al utilisation, DDCD, dynamic capabilities, competitive

advantage and an embedded attention check.

4.5.2 Construct Operationalisation and Measurement Items

Table 3 summarises the main constructs and their measurement. Reflective constructs

used seven-point Likert-type scales, from strongly disagree to strongly agree. OBP and

Al utilisation were measured as frequency composites ranging from 0, not used, to 5,

routine daily use. The statistician split DDCD into two sub-scales, DDCD_Routine and

DDCD_Governance, and scale means were computed before the regression analysis.

Table 3: Construct Operationalisation and Measurement Items (Selected Items)

Construct

Item wording

(representative)

Adapted

source

OBP Utilisation (0-5

frequency)

Al Utilisation (0-5

frequency)
DDCD_Routine (1-7
Likert)

DDCD_Governance
(1-7 Likert)

Sensing (1-7 Likert)

Seizing (1-7 Likert)

B2 3

C1

D1_

D1

E1_

E1

_1

_8

5

OBP  analytics/performance

dashboards (frequency of use)

Demand forecasting

(frequency of use)

We discuss key metrics in
regular management

meetings.

At least one person is
accountable for analytics and

data quality.

We systematically  track
demand trends and competitor

moves.

We adjust prices and
packages rapidly in response

to market signals.

Gupta & George
(2016)

Doborjeh et al.
(2022)

Brynjolfsson &
McElheran
(2016)

Gupta & George
(2016)

Teece (2007);
Paviou & El
Sawy (2011)

Teece (2007)
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Construct Item wording Adapted

(representative) source

Reconfiguring (1-7 E1_7 We periodically redesign Teece (2007);
Likert) processes to improve Shollo &

operational speed and quality.  Galliers (2016)

Competitive F1 Occupancy performance Mikalef et al.
Advantage (mixed relative to comparable (2020)
formats) competitors (5-point scale)

Note. Full item listing available in Appendix A. R = reverse-coded item. Scale means

were computed prior to SPSS analysis.

4.6 Data Collection Procedures

The survey ran online through Google Forms for eight weeks. Respondents received a
short invitation explaining the study, confirming that participation was voluntary and
providing the survey link. Two follow-up reminders were sent about one week apart, in
line with tailored survey design guidance (Dillman et al., 2014). Participation was based
on informed consent at the start of the questionnaire, and no personally identifying
information was collected. Ethical clearance was obtained from the GIBS Masters

Research Ethics Committee before data collection began.

4.6.1 Non-Response Assessment and Data Export

Because no complete sampling frame for independently operated South African hotel
SMEs existed, the exact response rate relative to the full accessible population could
not be calculated. To assess possible non-response bias, the study used the Armstrong
and Overton (1977) wave analysis approach. The first third of respondents was
compared with the last third on the key demographic and construct variables using
independent-samples t-tests in SPSS. No statistically significant differences were found,
which suggested that non-response bias was unlikely to be a dominant problem in the

final sample.
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After data collection, the raw responses were exported from Google Forms as a comma-
separated values file and imported into SPSS. Variable names, item codes and
response formats were checked against the questionnaire. Reverse-coded items were
recoded before scale means were computed. The final dataset used in the analysis

contained 239 complete and valid cases.

4.7 Data Preparation and Quality Controls

Google Forms produced 321 responses. After sequential screening, 239 valid cases
remained, giving a retention rate of 74.5%. Cases were excluded for ineligible
properties, incomplete responses, failed attention checks and straight-line response

patterns.

Non-response bias was assessed through the wave analysis procedure described in
Section 4.6.1. No statistically significant differences were found between early and late

respondents.

Social desirability bias was a recognised risk because respondents might present their
property's performance or decision practices in a more favourable light than was
warranted (Podsakoff et al., 2003). Three procedural safeguards were used. The
invitation stated that there were no right or wrong answers and that the study was
interested in current practice rather than performance judgement. The questionnaire
was framed around sector-wide patterns rather than around the evaluation of any one
property. Reverse-coded items were also included in the DDCD and dynamic capability
scales to interrupt straight-line responding. The later exclusion of eleven straight-line

cases suggested that these safeguards were partly effective.

Common method bias was also assessed using Harman's single-factor test. An
exploratory factor analysis of all study items was conducted in SPSS with all variables
entered simultaneously. The first unrotated factor explained 29.8% of total variance,
which fell below the 30% threshold used to indicate dominant common method variance
(Podsakoff et al., 2003). This result indicated that common method variance was present
but not dominant in the dataset, and did not appear to be a primary explanation for the

study's findings.
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4.8 Reliability and Validity Assessment

Internal consistency was assessed using Cronbach's alpha, with .70 as the minimum
acceptable level (Field, 2018; Nunnally, 1978). Convergent validity was assessed
through corrected item-total correlations, and items below .30 were treated as possible
candidates for removal. Discriminant validity was reviewed through inter-construct

correlations.

4.8.1 Factorial Validity and Scale Structure

Exploratory factor analysis using principal axis factoring with Varimax rotation was
conducted to check the structure of the multi-item scales. The Kaiser-Meyer-Olkin
measure was .87 and Bartlett's test was significant at p < .001. Loadings for retained
items exceeded .50, cross-loadings remained below .32 and corrected item-total
correlations were above .35. DDCD loaded as two distinct factors, which supported the
decision to treat DDCD_Routine and DDCD_Governance separately in the regression

analysis.
4.9 Data Analysis Strategy

4.9.1 Multiple Linear Regression

The data were analysed using multiple linear regression in IBM SPSS Statistics. This
method suited the study because the hypotheses specified directional relationships
between continuous predictor variables and continuous outcomes (Field, 2018). The
models followed the sequence laid out in Chapter 3: OBP and Al utilisation predicting
DDCD, DDCD predicting the three dynamic capability dimensions, and dynamic
capabilities predicting competitive position. For each model, the study reported R, R?
adjusted R?, F statistics, standardised beta coefficients, t statistics, significance values

and collinearity diagnostics.

4.9.2 Mediation Assessment

Mediation was considered using Baron and Kenny's (1986) causal steps approach. This
requires the predictor to relate to the mediator, the mediator to relate to the outcome
when the predictor is controlled for, the predictor to relate to the outcome before the
mediator is included and the predictor coefficient to reduce once the mediator is added.

In this study, H1 and H2 represented the initial a-path requirement. Because neither was
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significant, mediation was not tested further. H5a and HS5b therefore could not be

evaluated.

4.9.3 Regression Assumptions and Diagnostics

Before interpreting the models, the study checked the standard assumptions for
regression. Residual normality was assessed using the Kolmogorov-Smirnov test and
normal probability plots. Multicollinearity was checked using VIF values, independence
of residuals with the Durbin-Watson statistic, homoscedasticity through scatterplots of
studentised residuals against predicted values, and outliers through standardised

residuals beyond £3.3.

4.10 Ethical Safeguards in Survey Administration

Participation in the study was voluntary. Prospective respondents received an invitation
that described the purpose of the study, made it clear that participation was independent
of any commercial or industry-body relationship and stated that results would be
reported only in aggregate form. Respondents gave informed consent through a
mandatory first-question confirmation in the Google Forms survey. If they did not
consent, they were routed out of the questionnaire. No personally identifying information
was collected, and no property names or respondent identifiers were retained. Ethical
clearance was obtained from the GIBS Masters Research Ethics Committee before data

collection started.

4.11 Methodological Limitations

Three methodological limitations should be noted. First, the cross-sectional design
meant the study could identify associations but not causal direction. Second, self-report,
single-informant data created the possibility of common method bias and perceptual
error in performance reporting. Third, the multi-channel recruitment strategy may have
drawn in somewhat more digitally engaged properties than would be found in the

broader SME hotel population.

4.12 Chapter Summary

Chapter 4 has described the quantitative, cross-sectional survey design used in the
study. It outlined the sample of 239 South African hotel SMEs, the way the constructs

were measured, the screening and quality checks applied to the data and the
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regression-based analysis strategy used in SPSS. Chapter 5 reports the results of that

analysis.
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CHAPTER 5: FINDINGS AND RESULTS

5.1 Introduction

Chapter 5 reports the empirical results in the order set out in Chapter 3. It begins with
the sample profile, then reports normality and reliability checks, descriptive statistics and
the regression results for the full hypothesis set. Interpretation is kept to a minimum here

and taken up in Chapter 6.

5.2 Sample Description

Google Forms received 321 responses. After screening for SME eligibility, incomplete
responses, attention check failures and straight-line responding, 239 usable cases
remained. This produced a retention rate of 74.5% (Baruch & Holtom, 2008).

The final sample covered all nine South African provinces. Gauteng contributed 56
cases, followed by the Western Cape with 51 and KwaZulu-Natal with 35. Metropolitan
properties made up 48.8% of the sample, secondary cities and towns 35.4%, and rural
or remote areas 15.8%. Most properties were independently operated, and room counts
ranged from seven to 100 with a mean of 31.7 rooms. Respondents were mainly owners
and general managers, followed by revenue or reservations managers, operations

managers and marketing managers.

5.3 Normality and Reliability

Both the Kolmogorov-Smirnov and Shapiro-Wilk tests were significant for all study
variables, which indicated departures from strict normality. Given the sample size of 239,
ordinary least squares regression was still treated as sufficiently robust for moderate
non-normality (Field, 2018). Normal P-P plots of regression standardised residuals also
suggested that the main models were broadly acceptable. The statistician's report
further showed no meaningful multicollinearity, with the lowest tolerance recorded at
.796 and the highest VIF at 1.256.

Cronbach's alpha values were satisfactory across all scales. DDCD_Routine recorded
a =.944 and DDCD_Governance a = .940. Sensing, seizing and reconfiguring recorded
a =.901, a = .884 and a = .885 respectively. All values were above the .70 threshold

suggested by Nunnally (1978), and no item-total correlation fell below .30.
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5.4 Descriptive Statistics

Table 4 summarises the main descriptive statistics. Al utilisation had the lowest mean
at 1.00 on the 0 to 5 frequency scale, which places average use in the rarely used range.
OBP utilisation was higher at 2.24, though still below the midpoint. The two DDCD sub-
scales sat close to the midpoint of the 1 to 7 Likert scale. Mean scores for sensing,
seizing and reconfiguring were all below four, and competitive position was also
concentrated toward the lower half of its scale. Taken together, these descriptive results
suggest a sample in which digital engagement and dynamic capability expression were

generally modest.

Table 4: Descriptive Statistics for All Study Constructs (n = 239)

Construct M SD Min Max Scale
OBP Utilisation 2.24 1.38 0.00 5.00 0-5
Al Utilisation 1.00 0.85 0.00 4.00 0-5
DDCD_Routine 3.49 1.38 1.00 7.00 1-7
DDCD_Governance 3.40 1.38 1.00 7.00 1-7
Sensing 2.62 1.34 1.00 7.00 1-7
Seizing 2.43 1.20 1.00 5.33 1-7
Reconfiguring 2.15 1.10 1.00 5.67 1-7
REVPAR 2.97 1.31 1.00 5.00 1-5
Competitive Position 2.75 1.24 1.00 6.00 1-6

Note. OBP and Al utilisation: 0 = not used, 5 = routine daily use. DDCD sub-scales,
Sensing, Seizing, Reconfiguring: 1 = strongly disagree, 7 = strongly agree. REVPAR: 1
= well below competitors, 5 = well above. Competitive Position: 1 = very weak, 6 = very

strong.
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5.5 Regression Results

The regression models were estimated in the sequence specified in Chapter 3. For each
model, fit statistics, ANOVA results and standardised beta coefficients are reported.
Collinearity diagnostics remained within acceptable bounds throughout, with all VIF

values below 1.26 and all tolerance values above .79.

5.5.1 H1 and H2: OBP and Al Utilisation Predicting DDCD_Routine

OBP utilisation and Al utilisation were entered together as predictors of DDCD_Routine.
The model was not statistically significant, F(2, 236) = 1.229, p = .294, and explained
only 1.0% of the variance in DDCD_Routine, R*=.010. Neither OBP utilisation, § =.095,
p = .158, nor Al utilisation, § = .006, p = .912, made a significant contribution. H1 and
H2 were therefore not supported for DDCD_Routine.

5.5.2 H1 and H2: OBP and Al Utilisation Predicting DDCD_Governance

The same two predictors were then regressed on DDCD_Governance. This model was
also non-significant, F(2, 236) = .818, p = .442, and explained less than one percent of
the variance, R? = .007. Neither OBP utilisation, p = -.077, p = .269, nor Al utilisation, 8
=-.013, p =.851, showed a significant relationship with DDCD_Governance. H1 and H2

were therefore not supported for the governance sub-scale either.

Table 5: H1 and H2: OBP and Al Utilisation Predicting DDCD Sub-scales

Outcome variable Predictor B

DDCD_Routine OBP .095 1.41 .158 .010 294
Al .006 11 912

DDCD_Governance OBP -.077 -1.11 .269 .007 442
Al -013  -19 .851

Note. n = 239. Neither model reached statistical significance. H1 and H2 were not

Ssupported.
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5.5.3 H3a, H3b, and H3c: DDCD Predicting Dynamic Capabilities

Six simple regressions were estimated, with DDCD_Routine and DDCD_Governance
each tested against sensing, seizing and reconfiguring. None of the six models reached
statistical significance. DDCD_Routine did not significantly predict sensing, F(1, 237) =
.031, p =.860, R2=.000, seizing, F(1, 237) = .364, p = .547, R? = .002, or reconfiguring,
F(1, 237) = 291, p = .590, R* = .001. The corresponding DDCD_Governance
regressions were also non-significant, with p-values of .907 for sensing, .988 for seizing

and .952 for reconfiguring. H3a, H3b and H3c were therefore not supported.

Table 6: H3a, H3b, and H3c: DDCD Predicting Dynamic Capabilities

Outcome Predictor ¢] R? F p

Sensing DDCD_Routine .012 .000 .031 .860
Sensing DDCD_Governance .007 .000 .014 .907
Seizing DDCD_Routine .039 .002 .364 547
Seizing DDCD_Governance .001 .000 .000 .988
Reconfiguring DDCD_Routine .035 .001 291 590

Reconfiguring DDCD_Governance .005 .000 .006 952

Note. n = 239. Both DDCD_Routine and DDCD _Governance were tested as predictors.

df =1, 237 for all models. None of the six models reached statistical significance.

5.5.4 H4a, H4b, and H4c: Dynamic Capabilities Predicting Competitive Position

Sensing, seizing and reconfiguring were entered together as predictors of competitive
position. This model was highly significant, F(3, 235) = 375.77, p < .001, and explained
82.7% of the variance in competitive position, R* = .827 and adjusted R? = .825. The
Durbin-Watson statistic of 1.884 suggested no problematic autocorrelation. Seizing was
the strongest predictor, B = .638, t = 21.31, p <.001, followed by sensing, B = .393, t =
12.93, p < .001, and reconfiguring, B = .124, t=4.48, p < .001. H4a, H4b and H4c were
all supported.

33



Table 7: H4a, H4b, and H4c: Dynamic Capabilities Predicting Competitive Position

Predictor

(Constant) -101 101 -1.00 .316

Sensing .363 .028 .393 1293 < .796 1.256
.001

Seizing .659 .031 638 2131 < .818 1.222
.001

Reconfiguring .140 .031 124 4.48 < .959 1.043
.001

Note. R? = .827; Adjusted R? = .825; F(3, 235) = 375.77, p < .001. Durbin-Watson =
1.884. Dependent variable: Competitive Position (n = 239).

5.5.5 Additional Finding: OBP Predicting Al Utilisation

The study also estimated a simple regression of Al utilisation on OBP utilisation as an
exploratory test of the relationship between the two technology measures. The model
was significant, F(1, 237) = 36.71, p < .001, with OBP utilisation explaining 13.4% of the
variance in Al utilisation, R = .134 and 3 = .366. Hotels that engaged more actively with

OBPs also tended to report higher Al utilisation.

5.5.6 H5a and H5b: Pathway Mediation Assessment

H5a and H5b addressed the proposed mediation chain from OBP and Al utilisation to
competitive position through DDCD and dynamic capabilities. Because H1 and H2 were
not supported, OBP and Al utilisation did not significantly predict either DDCD sub-scale.
The first link in the proposed mediation chain was therefore absent. Under Baron and
Kenny's (1986) causal steps approach, mediation cannot be claimed when the a-path is
non-significant. H5a and H5b could not be evaluated as mediation hypotheses, and the

study did not produce empirical evidence on mediation.
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5.6 Hypothesis Testing Summary

Table 8 consolidates the outcomes across all ten hypotheses.

Table 8: Hypothesis Testing Summary

H

H1

H2

H3a

H3b

H3c

H4a

H4b

H4c

H5a

Hypothesis

B

\ p

OBP utilisation — DDCD .095 / - .158

(Routine/Governance) 077
Al utilisation — DDCD .006
(Routine/Governance) .013

DDCD_Routine / DDCD_Governance — .012
Sensing .007

DDCD_Routine / DDCD_Governance — .039
Seizing .001

DDCD_Routine / DDCD_Governance — .035

Reconfiguring .005
Sensing — Competitive Position 393
Seizing — Competitive Position .638
Reconfiguring — Competitive Position 124

OBP — DDCD — DC — Competitive N/A
Position (proposed sequential capability

pathway)

/

/
.269

- 912
/
.851

/ .860
/
.907

| .547
/
.988

/ .590
/
.952

<

.001

.001

.001

N/A

Outcome

Not
supported

Not
supported

Not
supported

Not
supported

Not
supported

Supported

Supported

Supported

Could not
be

evaluated



H Hypothesis B ‘ p Outcome

H5b Al — DDCD — DC — Competitive N/A N/A Could not
Position (proposed sequential capability be
pathway) evaluated

Note. B = standardised regression coefficient. H5a and H5b were not tested for indirect
effects because the a-paths (H1 and H2) were non-significant. DC = dynamic
capabilities. Additional finding not in hypotheses: OBP — Al (B = .366, p <.001).

5.6.1 Diagnostic Checks and Sensitivity Analysis

Two additional diagnostic checks were run beyond the standard regression
assumptions. First, the H4 model was re-estimated after excluding cases with
studentised residuals beyond 2.5 standard deviations. Only one borderline case was
identified. Although it did not breach the stricter £3.3 standard deviation threshold, it was
removed as a further test of model sensitivity. Removing it changed the model only
marginally, producing R? = .831 and almost identical beta coefficients, which suggested
that the result was not being driven by an influential outlier. The original 239-case model

was therefore retained.

Second, the Durbin-Watson statistic of 1.884 for Model 4 sat comfortably within the usual
acceptable range of 1.5 to 2.5, suggesting independence of residuals. The VIF and
tolerance values also confirmed that multicollinearity was not a problem. Residual
scatterplots showed no clear curvature or heteroscedasticity pattern. Taken together,
these checks support confidence in the stability of the dynamic capabilities to

competitive position finding.
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Visual Summary: Hypothesis Testing Results

Figure 5.1: Structural Model — Hypothesis Testing Results (n = 239)

Reconfiguring

Figure 1: Regression-Based Summary of Hypothesised Relationships

Supported paths shown with solid arrows and standardised beta coefficients. Non-
supported paths shown with dashed arrows. X = not supported. v/ = supported (p <
.001). n = 239.

5.7 Chapter Summary

Chapter 5 has reported the main empirical findings for the 239 South African hotel SMEs
included in the study. Reliability statistics were satisfactory, descriptive statistics pointed
to low Al use and modest OBP engagement, and the hypothesis tests produced a mixed
pattern of results. The dynamic capabilities variables, sensing, seizing and
reconfiguring, were all positively associated with competitive position, with seizing
emerging as the strongest predictor. By contrast, neither OBP nor Al utilisation predicted
the DDCD sub-scales, and the DDCD sub-scales did not predict dynamic capabilities.
The chapter also reported an additional finding, that OBP utilisation was positively
associated with Al utilisation. Chapter 6 discusses what these findings mean in relation

to the study's theoretical framing and prior research.
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CHAPTER 6: DISCUSSION OF RESULTS

6.1 Introduction

This chapter discussed the empirical findings from Chapter 5 against Dynamic
Capabilities Theory (Teece, 2007; Eisenhardt & Martin, 2000) and the analytics
capability and digital technology literature reviewed in Chapter 2. The discussion
addresses both the hypotheses that were supported and those that were not, since both
carry interpretive value. The study's most striking finding, that dynamic capabilities jointly
explained 82.7% of the variance in competitive position among South African hotel
SMEs, confirmed the explanatory power of Dynamic Capabilities Theory in this context.
The absence of the prerequisite DDCD relationships raises important questions about
why tool engagement alone was insufficient to build data-driven capability in this
population, and what the structural conditions of the South African hotel SME sector can
explain about that result. Each section below addresses a specific component of the

hypothesis set.
6.2 The Non-Significant DDCD Findings (H1, H2, H3a, H3b, H3c, H5a, H5b)

6.2.1 Interpretation and Theoretical Context

Neither OBP utilisation nor Al utilisation significantly predicted DDCD in either the
Routine or Governance sub-scales. This was a clear departure from the expected
pathway and required careful interpretation rather than dismissal. Several explanations

were plausible, and each drew on the literature reviewed in Chapter 2.

The first and most substantive explanation concerned the nature of tool engagement in
the sample. With a mean OBP utilisation score of 2.24 out of 5, placing average
engagement below the midpoint of the frequency scale, most properties in the sample
were engaged with OBPs at a passive level. They maintained listings and received
bookings but did not consistently engage with OBP analytics dashboards, promotional
configurations, or competitor pricing data. Stangl et al. (2016) had argued that the
capability-building effects of OBP engagement depended on engagement depth rather
than listing presence; the sample's below-midpoint engagement levels meant that the
version of OBP utilisation measured here was, for most respondents, closer to passive
listing than active data engagement. This would explain why the frequency composite
did not predict DDCD.
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The South African operating context compounded this. Load shedding, rising input costs
and tight margins kept management attention on daily operations. Building structured
data routines requires sustained, deliberate effort over time. That kind of effort is harder
to sustain when a property is managing a generator, renegotiating supplier terms and

responding to last-minute cancellations simultaneously.

A similar logic applied to Al utilisation, where the mean of 1.00 on the 0-5 scale indicated
that most properties used Al tools rarely if at all. Tussyadiah (2020) and Doborjeh et al.
(2022) had argued that Al's capability-building effects depended on the frequency and
depth of interaction with Al-generated outputs; at the low average engagement levels
observed here, there was simply insufficient interaction to drive DDCD development.
The measurement instrument captured frequency of use as a composite index, which
did not distinguish between properties that used OBP or Al tools occasionally without
systematic follow-through and those that used them rarely but intensively. This
distinction may have been analytically relevant and represented a measurement

limitation worth addressing in future research.

The second explanation concerned what DDCD_Routine and DDCD_Governance
actually captured. Both sub-scales measured structured organisational practices, the
degree to which managers discussed data in meetings, priced based on evidence,
shared insights across departments, and maintained accountability for analytics quality.
These were not direct outputs of tool use; they were the organisational habits and
governance commitments that tool use might, over time, contribute to. Shollo and
Galliers (2016) had argued that analytics capability was built through sustained iterative
practice across decision cycles, not through tool adoption alone. Brynjolfsson and
McElheran (2016) found that data-driven decision-making was a continuous
organisational investment whose effects compounded over time. A cross-sectional
design, by capturing a single point in a long-term capability-development process, may
simply have been unable to detect the relationship between current tool engagement
frequency and the organisational practices that had accumulated over the prior history
of engagement. This was a design-context mismatch: the cross-sectional frequency
measure was not well suited to detecting what may be a long-term cumulative process.
Under these conditions, the capability-development pathway was not empirically

observable. That is the honest finding.
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The DDCD_Governance non-finding was consistent with the two-layer model of
analytics capability described by Gupta and George (2016), in which the tangible and
human dimensions were more directly responsive to operational inputs than the
intangible dimensions such as governance frameworks, cultural norms, and leadership
commitment. Even in contexts where tool use was higher, governance-level capability
required deliberate strategic investment that was different in kind from operational
practice. The fact that DDCD_Governance was not predicted by OBP or Al engagement
was therefore not surprising and reinforced the theoretical point that data governance in

SME hotel contexts required organisational investment beyond digital tool adoption.

6.2.2 DDCD Did Not Predict Dynamic Capabilities

DDCD, as operationalised in this study, did not function as an explanatory construct: it
neither predicted dynamic capabilities nor was predicted by OBP or Al utilisation at any
conventional significance level. This failure was informative in a specific sense: it
identified the conditions under which the analytics capability pathway documented by
Mikalef et al. (2020) did not replicate. Those conditions were a sample with below-
midpoint average tool engagement, limited variance in DDCD scores, a cross-sectional
design, and an emerging market context characterised by structural constraints on
management investment in data practices. Rather than treating this as a limitation to be
minimised, it should be read as a boundary condition that advanced the literature by
specifying when and where the analytics capability mechanism could not be detected.
The non-significant results for H3a, H3b, and H3c were the corollary of the non-
significant H1 and H2 results. In the sample, both DDCD sub-scales recorded means
just above the midpoint of the seven-point scale. What the data showed was not that
DDCD had no relationship with dynamic capabilities in principle, but that the range of
DDCD variation in the sample may have been insufficient to detect the relationship.
When most respondents cluster around the midpoint of a scale, the statistical power to
detect relationships at the tails of the distribution was reduced. The descriptive statistics
for sensing (M = 2.62), seizing (M = 2.43), and reconfiguring (M = 2.15) also showed
that dynamic capability expression was generally low in the sample, with most
respondents below the scale midpoint. A sample with more variation in both DDCD and

dynamic capabilities, perhaps obtained from a more diverse organisational sample
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including larger or more digitally mature properties, might have produced significant

relationships consistent with Mikalef et al. (2020).

The broader contextual picture supported this interpretation. TBCSA (2023) had
characterised the South African hotel SME sector as one in which tool adoption had
outpaced capability development, producing a sector in which most properties were
below digital capability thresholds. If a large proportion of the sample was operating at
low DDCD levels, the between-unit variation in DDCD scores would be compressed,
reducing the likelihood of detecting theoretically expected relationships. This indicated
that the assumed relationship may not hold under conditions of compressed variation,

rather than that DDCD was theoretically unrelated to dynamic capabilities.

6.3 Dynamic Capabilities and Competitive Position (H4a, H4b, H4c)

The three supported hypotheses produced the study's most powerful empirical result.
Sensing, seizing, and reconfiguring jointly explained 82.7% of the variance in
competitive position (R? = .827, F(3, 235) = 375.77, p < .001). This result, within this
sample and based on perceptual measures, confirmed the predictive validity of Dynamic

Capabilities Theory in the South African hotel SME context.

Seizing was the dominant predictor (8 = .638). This was consistent with the competitive
logic of the hospitality market. A hotel SME's competitive position, measured through
relative occupancy, RevPAR, repeat guest share, and direct booking performance, was
directly affected by how quickly and accurately it committed resources to identified
demand opportunities. Properties that adjusted rates promptly in response to competitor
pricing changes, activated promotions when demand signals indicated uptake potential,
and aligned their teams rapidly to convert inquiry volume into bookings were those most
likely to outperform comparable competitors. Eisenhardt and Martin (2000) had
identified seizing as the most directly performance-relevant dynamic capability
dimension in fast-moving environments; this finding confirmed that characterisation in
the South African hotel context, where platform-mediated demand distribution created
precisely the kind of fast-moving, signal-rich competitive environment that seizing

capability was designed to exploit.

Sensing contributed significantly and independently (B = .393). Properties that

systematically tracked competitor moves, reviewed guest feedback for emerging needs,

41



and scanned multiple booking channels for early demand signals were better positioned
to identify and respond to market shifts before competitors did. Beyond its upstream role
in enabling seizing, sensing capability also generated a direct competitive return through
its contribution to offer differentiation and market positioning. Wilden et al. (2020) had
confirmed the sensing-to-performance link across industries in a meta-analysis; this

study extended that confirmation to South African hotel SMEs.

Reconfiguring was the smallest but still significant predictor (8 = .124, p <.001). Hotels
that periodically redesigned their processes, retired ineffective tools, and reallocated
staff to higher-impact activities achieved measurable competitive advantage relative to
those that maintained static operational structures. The smaller coefficient was
consistent with the reasoning in Chapter 2 that reconfiguring required the deepest
organisational change of the three dimensions and that its competitive returns were most
likely to accumulate over longer time horizons than a cross-sectional design could fully
capture. Nevertheless, the significant positive coefficient confirmed that even within the
range of reconfiguring capability expression in the sample, the more reconfiguring-

capable hotels outcompeted their peers.

The magnitude of the model's R? (82.7%) required careful critical attention. In social
science regression, values above .80 are uncommon and warrant scrutiny. Four
concerns were relevant here. First, conceptual proximity: competitive position and the
three dynamic capability predictors were all managerial self-reports collected from the
same respondent and were close in meaning. Respondents who understood their hotel
as responsive and adaptive were also likely to rate it as competitive, which may have
inflated observed correlations. Second, single-informant design inflation: single-source
designs can inflate associations through shared method variance (Podsakoff et al.,
2003). Third, perceptual measurement bias: all constructs were measured through
respondent perception rather than objective performance data. Fourth, within-
respondent consistency effects may have reinforced these associations because the
same mental model informed both predictor and outcome ratings. Collectively, these
concerns suggested that the R? of .827 should be treated as a plausible but likely

upwardly biased estimate of the true population relationship.
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6.3.1 The Sensing-Seizing-Reconfiguring Interdependencies

A property that reviewed competitor pricing regularly (sensing) and acted quickly on
pricing gaps (seizing) was also building the conditions for reconfiguring. The willingness
to redesign a process or reallocate staff depended on management confidence in

evidence-based decisions, which sensing and seizing habits reinforced over time.

The regression coefficients in this study, sensing (B = .393), seizing (B = .638), and
reconfiguring (B = .124), reflected both the relative predictive contribution of each
capability to competitive position and the degree of within-sample variation in each
construct. Reconfiguring's smaller coefficient did not imply that reconfiguring was less
important in theory; it was consistent with reconfiguring being both the most
organisationally demanding capability and the one whose competitive returns were most
likely to accumulate over longer time horizons than a single cross-sectional
measurement could capture. Future longitudinal research should examine whether the
relative contribution of reconfiguring to competitive position strengthens as the time
horizon extends, consistent with Teece's (2018) characterisation of reconfiguring as a

sustained competitive renewal mechanism rather than a short-term performance driver.

6.4 Additional Finding: OBP Utilisation Predicted Al Utilisation

The finding that OBP utilisation significantly predicted Al utilisation (§ = .366, R* = .134,
p < .001) was not among the study's a-priori hypotheses but was substantively
informative. It suggested that digital tool engagement in the sector was not randomly
distributed across properties; properties that engaged more actively with OBPs also
tended to use Al tools more frequently. This could reflect a general digital orientation
effect, in which hotels that had invested in and optimised their OBP engagement were
the same hotels that were more likely to explore and adopt additional digital tools
including Al. It could also reflect resource complementarity, in which OBP engagement
generated the data infrastructure and management appetite that facilitated Al adoption.
Buhalis et al. (2023) had characterised OBPs as digital ecosystems that, when used
analytically, created the data culture within which Al adoption was more natural. The
OBP-to-Al relationship was consistent with this characterisation, though the cross-

sectional design did not allow directional inference.
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6.5 Contextual Interpretation

Taken together, the findings described the South African hotel SME sector as one in
which digital tool adoption had occurred without the organisational capability
development that the theoretical model assumed would follow. Most properties
maintained OBP listings and a growing minority subscribed to Al tools, but average
engagement with the data-generating potential of those tools was below the midpoint of
the frequency scale. DDCD scores near the midpoint of the Likert scale, and dynamic
capability scores below the midpoint, confirmed a sector in which digital adoption and
organisational capability were not aligned. The one clear exception was the dynamic
capabilities-to-competitive-position relationship, which held strongly regardless of how
properties got there: those with higher sensing, seizing, and reconfiguring scores

consistently outcompeted those with lower scores.

Infrastructure conditions in South Africa, including energy supply instability and rising
input costs documented by Statistics South Africa (2023), created an operational
environment in which short-term pressures consistently competed with the kind of
deliberate, sustained investment in data routines and management practices that DDCD
development required. These structural constraints did not appear in the regression
models but almost certainly influenced the low-variance problem identified above, as
properties operating under severe cost pressure were unlikely to have the management
bandwidth to develop structured analytics routines regardless of their tool access. The
combined weight of these findings pointed toward a reframing of how technology
investment should be understood in this sector: the results suggested that capability,
not technology, was the primary driver of competitive outcomes among South African
hotel SMEs. Technology provided a potential data environment; whether that
environment was converted into capability was an organisational and managerial
question that the tools themselves could not resolve. This constituted a theoretically
important boundary condition: the technology-to-capability pathway was not detectable

in a sample with compressed variation and constrained management bandwidth.

6.5.1 Practical Significance of the R? = .827 Finding

An R? of .827 in an OLS regression model, explaining 82.7% of the variance in

competitive position through three predictors, was a finding that merited careful
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reflection beyond its statistical significance. In behavioural and organisational research,
R? values above .50 are considered large effects, and values above .70 are unusual
outside of highly controlled laboratory conditions or studies where the predictors are
conceptually very close to the outcome construct (Cohen, 1992; Field, 2018). Several
interpretive considerations were relevant. The competitive position measure was a
perceptual self-report instrument, and the three dynamic capability predictors were also
perceptual self-reports collected from the same respondent at the same time. Podsakoff
et al. (2003) had documented that common method variance, the artificial inflation of
correlations attributable to shared method rather than true construct relationships, could
inflate R? in single-source, single-wave designs. The Harman's single-factor test
described in Chapter 4 indicated that common method variance was present but not
dominant, with no single factor explaining more than 30% of total variance; nevertheless,
the possibility that some portion of the R? = .827 was attributable to common method

inflation could not be entirely ruled out.

Even discounting for common method inflation, a model explaining 60% to 80% of the
variance in competitive position through sensing, seizing, and reconfiguring would still

be a strong result consistent with Dynamic Capabilities Theory.

Seizing's dominant coefficient (beta = .638) had a direct operational meaning for hotel
SME managers. The ability to commit resources rapidly in response to identified demand
signals, whether by adjusting rates within hours of a competitor pricing move, activating
a promotional package when booking velocity dropped below threshold, or quickly
redeploying staff to capitalise on unexpected demand, translated most directly into
competitive performance. This finding was consistent with the hospitality literature's
characterisation of revenue management responsiveness as a primary driver of
RevPAR performance (Eisenhardt & Martin, 2000; Wilden et al., 2020). The sensing-
seizing combination (combined beta coefficients summing to approximately 1.03)
confirmed that the upstream detection of signals and the downstream commitment of
resources to exploit them were the two highest-value capabilities in the study's
competitive performance model. Properties that invested in both capabilities, developing
systematic monitoring routines and ensuring the organisational authority structures and
decision speed required to act on those signals, were those most likely to outperform

comparable competitors.
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6.5.2 Limitations of the Contextual Interpretation

While the contextual discussion above provided plausible explanations for the non-
supported DDCD hypotheses, three important limitations of that interpretation should be
acknowledged. First, the compressed-variance argument, while theoretically sound, was
post hoc rather than pre-specified. The study was not designed to test whether range
restriction accounted for the non-significant DDCD results; it was designed to test the
hypotheses. The restriction-of-range explanation was consistent with the data and with
prior literature, but it could not be confirmed within the current study's design. Second,
the common method variance concern was a limitation that affected all self-report
constructs in the model, not only the non-supported ones; the discussion should not be
read as implying that method variance only affected the DDCD pathway while leaving
the dynamic capabilities-to-competitive position path unaffected. Third, the cross-
sectional design limited the ability to assess whether the non-significant DDCD results
reflected a genuine absence of the theorised relationship at the time of measurement or
a genuine absence of the relationship in the population. A longitudinal replication was

the only design that could resolve this ambiguity.

6.6 Chapter Summary

This chapter discussed the study's empirical findings against Dynamic Capabilities
Theory and the analytics capability literature. The supported findings confirmed that
sensing, seizing, and reconfiguring were jointly associated with competitive position,
with seizing as the dominant predictor. The non-significant DDCD and mediation
findings indicated that the technology-to-capability pathway was not observable in this
sample. The additional finding that OBP use predicted Al use was noted as a direction

for future enquiry.
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CHAPTER 7: CONCLUSIONS AND RECOMMENDATIONS

7.1 Introduction

This chapter brought together the study's findings and their implications, following the
nine-question structure for concluding chapters specified in the GIBS Green Pages
(2025/26). It presented the study's theoretical and empirical contributions, practical and
managerial implications, limitations, and directions for future research. The chapter
responded directly and honestly to what the data showed, including the non-supported
hypotheses, which were interpreted as part of the study's contribution rather than as

failures.

7.2 What Was Studied and Why It Matters

This study examined how online booking platforms and artificial intelligence contributed
to competitive advantage in South African hotel SMEs. The central research question
was: how do online booking platforms and artificial intelligence contribute to the
development of dynamic capabilities for competitive advantage among South African
hotel SMEs? The question mattered because a clear gap existed between the
widespread adoption of digital tools in the sector and the consistently poor competitive
performance most SME hotel operators reported. Industry data confirmed that most
South African hotel SMEs were placing themselves below or at par with comparable
competitors, despite near-universal OBP adoption and growing Al tool subscriptions.
Understanding the mechanism connecting digital tools to competitive outcomes was not
an abstract theoretical exercise; it was a question that had direct implications for where

hotel SME owners and managers should invest their limited time and resources.

7.3 Research Context

South Africa's hotel SME sector operated under conditions that made the research
question particularly pressing. Energy supply instability, rising input costs, platform
commission dependency, and the aftermath of the COVID-19 disruption created an
environment in which competitive fitness required continuous adaptation rather than the
maintenance of static operational positions. Dynamic Capabilities Theory (Teece, 2007)
was the appropriate theoretical lens because it explained competitive advantage as a
function of how firms sensed opportunities and threats, committed resources decisively,

and reconfigured their structures and routines over time. Unlike large chain hotels with
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dedicated analytics teams and significant technology budgets, South African hotel SMEs
operated with constrained management bandwidth and limited organisational depth.
The capability-building pathway from digital tools to competitive advantage was
therefore not automatic, and understanding why it was not automatic was the study's

central concern.

7.4 What Was Already Known and What Was Not Known

Prior work confirmed positive dynamic capabilities-to-performance relationships in
turbulent industries (Eisenhardt & Martin, 2000; Wilden et al., 2020). Analytics capability
had been linked to dynamic and operational performance across sectors (Mikalef et al.,
2020; Wamba et al., 2017). OBP and Al adoption had been associated with revenue
management improvement in large hotels (Buhalis et al., 2023). What was not known
was whether dynamic capabilities actually predicted competitive position in South
African hotel SMEs specifically; whether OBP and Al utilisation depth, as measured
through frequency indices in this sector and context, translated into the organisational
capability development that the theoretical model assumed; and whether the
compressed variance in capability variables created by shallow digital engagement
would limit statistical power to detect the DDCD relationships. The study addressed all

of these questions and produced answers that were both honest and informative.

7.5 Specific Questions Answered

RQ1a asked about the relationship between OBP utilisation and DDCD. The answer
was that OBP utilisation, at the average engagement levels observed in the sample, did
not significantly predict either the routine behavioural dimension of DDCD (p = .158) or
the governance dimension (p = .269). H1 was not supported. RQ1b asked the same
question for Al utilisation. Al utilisation did not significantly predict DDCD_Routine (p =
.912) or DDCD_Governance (p = .851). H2 was not supported.

RQ1c asked how DDCD related to dynamic capabilities. DDCD_Routine did not
significantly predict sensing (p = .860), seizing (p = .547), or reconfiguring (p = .590),
and DDCD_Governance showed comparably non-significant results. H3a, H3b, and H3c

were not supported.

RQ1d asked about the relationship between dynamic capabilities and competitive

advantage. This produced the study's strongest and most important result. Sensing,
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seizing, and reconfiguring together explained 82.7% of the variance in competitive
position (F(3, 235) = 375.77, p < .001). Seizing was the dominant predictor (f = .638),
followed by sensing (8 = .393) and reconfiguring (B = .124). H4a, H4b, and H4c were all
supported.

RQ1e asked about proposed sequential capability pathway. Because H1 and H2 were
not supported, the a-path required for mediation was absent and H5a and H5b could not
be evaluated as mediation hypotheses. However, an additional finding established that
OBP utilisation significantly predicted Al utilisation (B = .366, R* = .134, p < .001),
suggesting that broader digital engagement orientation was a meaningful dimension not

captured in the original hypothesis set.

7.6 Research Methodology in Summary

The study adopted a positivist, deductive philosophy and a quantitative, cross-sectional
survey design. Data were collected from n = 239 valid respondents across all nine South
African provinces using a self-administered online questionnaire via Google Forms.
Sequential screening reduced 321 raw responses to the valid sample. Multiple linear
regression in IBM SPSS Statistics, with Baron and Kenny's (1986) causal steps
procedure for mediation assessment, provided the primary analytical framework.
Cronbach's alpha confirmed satisfactory reliability for all scales. A cross-sectional
design was appropriate given the study's aim of measuring relationships across a
population at a defined point in time, and given the practical constraints of MBA research
in terms of time and access. While the design limited causal inference, it was suited to

the study's purpose of testing directional relationships among established constructs.

7.7 What Was Found and How It Was Interpreted

The study produced three distinct categories of findings. First, the theorised mediation
pathway set out in Chapters 2 and 3 was not empirically observable in this sample: OBP
and Al utilisation did not predict either DDCD sub-scale, and DDCD did not predict
dynamic capabilities. This was interpreted as being consistent with restriction of range
and cross-sectional design constraints, rather than as conclusive evidence against the
theoretical model. With most of the sample operating at below-midpoint OBP
engagement and very low Al utilisation, and with DDCD scores clustered near the

midpoint, the variation in the independent variables may have been insufficient to detect
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the theoretically expected relationships. A cross-sectional design capturing tool
engagement frequency at a single point in time may also have been unable to detect

what was in reality a long-term cumulative capability-building process.

Second, the dynamic capabilities-to-competitive position relationship held with very
strong statistical association (R? = .827). This was the study's most important empirical
finding and was consistent with Dynamic Capabilities Theory being relevant to the South
African hotel SME context, subject to the measurement and design caveats discussed
above. Properties with stronger sensing, seizing, and reconfiguring capability
consistently outcompeted those with weaker capabilities, regardless of how those

capabilities were developed.

Third, the additional finding that OBP utilisation predicted Al utilisation (8 = .366, p <
.001) suggested a digital co-adoption pattern in the sector that had not been theorised

in advance but was worth investigating further.

Stated plainly, the study's strongest and most defensible contribution was the
confirmation that dynamic capabilities, specifically sensing, seizing, and reconfiguring,
jointly explained competitive position among South African hotel SMEs with substantial
explanatory power. That finding, based on perceptual measures within a cross-sectional
sample, was consistent with Dynamic Capabilities Theory and replicated the direction of
prior meta-analytic findings in a new country and sector context. The study did not
succeed in demonstrating a technology-to-capability mechanism. It showed instead that
the assumed pathway from technology utilisation to data-driven capability to dynamic
capabilities was not observable under the conditions examined, and that capability, not
technology, was the primary driver of competitive outcomes in this sample. That is a

meaningful and honest finding that sets a clear agenda for future longitudinal research.
7.8 Contributions to Scholarly Debate

7.8.1 Synthesis: The Strategic Capability Alignment Gap

A foundational contribution of this study is the mapping of what was found and what was
not found. The original model proposed that technological engagement would feed
through DDCD into dynamic capabilities and competitive advantage. The empirical
evidence did not support that pathway. What the data revealed instead was a specific

developmental boundary: hotels were adopting tools, but not building the routines
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required to convert those tools into capability. The only validated path ran directly from
dynamic capabilities, specifically sensing, seizing and reconfiguring together, to
competitive position, with an R? of .827 and all three capability dimensions significant at

p <.001. Figure 2 captures this finding visually.

Figure 2 maps the central finding. The diagram shows that SME hotels are building a
coherent technology trajectory: OBP use predicts Al use (3 = .366), suggesting a pattern
of progressive digital engagement. But that trajectory ends there. The path from
technology to DDCD is blocked, and DDCD did not predict dynamic capabilities. Only
the direct path from dynamic capabilities to competitive position was supported. All three
capability dimensions, sensing (8 = .393), seizing (8 = .638) and reconfiguring (8 = .124),
contributed to competitive position, with seizing as the dominant predictor. The figure
makes the gap plain: technology sits on one side; capability and competitive advantage
sit on the other; and the organisational routines that should connect them were not in

evidence in this sample.

Figure 7.1: The Strategic Capability Alignment Gap for South African SME Hotels

B =.366, p <.001

OBP Utilisation ‘

riven Capability
nt (DDCD)

ional Routifes-ag Built &

‘ Competitive Advantage ‘

Figure 2: The Strategic Capability Alignment Gap for South African SME Hotels.

Solid lines indicate supported relationships; dashed lines with X indicate non-significant

paths. All beta coefficients standardised. n = 239. *** p <.001.
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For SME managers, Figure 7.1 serves as a diagnostic tool. It moves away from the
assumption that digital tools create competitive advantage directly and toward the
conclusion that those tools must first be embedded in dynamic capability routines before
they can deliver any advantage. The practical implication is specific: invest in the
management habits of sensing demand signals, seizing opportunities quickly and
reconfiguring routines in response to market feedback. These three capabilities, not the

tools themselves, are what the data showed drove competitive position.

7.8.2 Theoretical Contributions

The study makes three theoretical contributions. The first is the empirical confirmation
that Dynamic Capabilities Theory has strong predictive validity in the South African hotel
SME context. The finding that sensing, seizing, and reconfiguring explained 82.7% of
the variance in competitive position extended Wilden et al.'s (2020) meta-analytic
confirmation of the dynamic capabilities-to-performance relationship to a sector and

country context not previously examined with this framework.

The second contribution is methodological and theoretical: the non-supported DDCD
hypotheses reveal the boundary conditions of the capability-mediated performance
model. Mikalef et al. (2020) and Wamba et al. (2017) established the analytics-
capability-to-dynamic-capabilities pathway in manufacturing and technology firm
contexts where tool engagement was high, variation in capability development was
meaningful, and longitudinal data could be used. This study demonstrated that in a
sector where tool engagement was shallow and below-midpoint on average, a cross-
sectional frequency measure did not capture sufficient variation to detect the pathway.
This is a theoretically important boundary condition that others building on this literature

should account for in their designs.

The third contribution concerns the DDCD construct specifically. DDCD, as
operationalised in this study, did not function as an explanatory construct in any part of
the tested model. It was not predicted by OBP utilisation, not predicted by Al utilisation,
and did not predict any of the three dynamic capability dimensions. This finding is a
contribution in itself: it established a boundary condition for the analytics capability-to-
dynamic-capabilities pathway identified by Mikalef et al. (2020) and Wamba et al. (2017),

showing that the pathway was not detectable in a South African hotel SME sample
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characterised by shallow tool engagement and compressed DDCD variance. Future
research should treat the DDCD failure not as a null result to be explained away but as
a substantive finding about the conditions under which the analytics capability pathway

does and does not operate.

7.8.3 Empirical Contributions

The study contributed a national dataset of n = 239 South African hotel SMEs across all
nine provinces, providing the first large-scale quantitative examination of digital tool
utilisation, data-driven capability, dynamic capabilities, and competitive position in this
sector and context. The consistency of the sample with the SME population defined in

Chapter 1 strengthened the external validity of the findings within the target population.

7.8.4 Contribution of the Null Findings

The conditions under which the OBP and Al to DDCD pathway was not observable were
documented. The null findings were methodologically credible: the sample size was
adequate for the regression models used, the constructs were reliably measured, and
the non-significant results were reported transparently. That credibility is what makes

them a contribution rather than simply an absence of results.

Well-specified null findings, produced by adequately powered studies with transparent
reporting, advance scientific understanding more reliably than underpowered

confirmatory results (Aguinis et al., 2010; Kepes & McDaniel, 2013).

For the South African hotel SME sector specifically, the null findings carried a direct
practical message: digital tool adoption had occurred but had not yet generated the
organisational capability development that competitive advantage required. The gap
between tool availability and capability development was real, measurable, and
consequential. Closing that gap required a different kind of investment than tool
adoption, namely the deliberate development of management routines, data
accountability structures, and evidence-based decision cultures that the DDCD

construct was designed to measure.
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7.9 Practical and Managerial Implications

7.9.1 Dynamic Capabilities Are What Competitive Position Is Made Of

The most actionable finding of this study was also the clearest: 82.7% of the variance in
competitive position was explained by sensing, seizing, and reconfiguring capability. For
hotel SME owners and managers, this was not an abstract research result, it was a
direct measurement of what competitive advantage in their industry was actually made
of. A hotel that tracked competitor pricing systematically, reviewed guest feedback
routinely, and acted quickly on demand signals outperformed a comparable hotel that
did not. The capability gap between the bottom and top performers in the sample was

real, measurable, and consequential.

7.9.2 Seizing Is the Priority

Among the three dynamic capability dimensions, seizing was by far the most powerful
predictor of competitive position (8 = .638). This had a specific operational implication:
decision speed and resource commitment agility in response to identified demand
signals was the most directly returnable capability investment. Hotel SME managers
should prioritise the structures and practices that reduced decision latency, pre-agreed
pricing decision rules for common scenarios, empowered revenue managers with
authority to adjust rates without multi-step approval chains, and rapid promotional
activation processes. The sensing-to-seizing-to-competitive-position chain was the

highest-value operational chain identified by this study.

To put this in operational terms: a hotel that reviews its competitor pricing at 8am and
adjusts its own rates before the 10am check-out rush is seizing. A hotel that notices on
Thursday that weekend occupancy is tracking 15% below target and activates a flash
promotion by Friday morning is seizing. A hotel that redirects group bookings staff to
leisure walk-in support when a conference cancels is seizing. These are not expensive
decisions. They are fast decisions, made with current information. The B of .638
suggests that the hotels doing this systematically are the ones pulling ahead on
occupancy, RevPAR and market position. The practical recommendation is

straightforward: build the management habit of acting on data within hours, not days.
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7.9.3 Tool Adoption Without Capability Development Does Not Generate

Competitive Returns

The non-supported DDCD hypotheses carried a practical message that was just as
important as the supported ones: OBP and Al tool adoption, at the shallow engagement
levels prevalent in the sample, did not produce the organisational data practices that
theory predicted would drive dynamic capabilities. Properties that maintained OBP
listings without systematically engaging with performance analytics, and that subscribed
to Al tools without embedding the outputs in management routines, were spending
money without building capability. The data could not establish a direct return from tool
adoption in the absence of the organisational practices that converted tool-generated
data into structured decision cycles. Managers should treat tool adoption as a necessary
but insufficient condition for competitive advantage, and should invest equally in the

management practices around those tools.

7.9.4 Industry Body Implications

For TBCSA and sector associations, the data pointed to a clear priority: shift capacity-
building from technology access to capability development. Training on OBP analytics,
weekly data review routines, evidence-based pricing meetings, and Al forecast
interpretation would have immediate value for properties that had tools but lacked

routines to use them.

7.9.5 The Sequencing of Capability Investment

A practical implication that emerged from the combined reading of the supported and
non-supported hypotheses was that competitive capability investment in the hotel SME
context needed to follow a sequence. The study's results suggested that dynamic
capabilities, specifically sensing, seizing, and reconfiguring, were the proximate drivers
of competitive position. However, they did not develop spontaneously. The theoretical
model, and the broader analytics capability literature from which it was drawn, argued
that dynamic capability development required the prior development of the data-driven
routines and governance practices captured by DDCD. DDCD, in turn, was theorised to
require the data environments created by OBP and Al tool engagement. What the non-
supported DDCD hypotheses suggested was that this chain was not automatic: tool

availability did not guarantee tool engagement depth, and tool engagement depth, even
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when present, required sustained organisational investment over time before it

produced the structured practices constituting DDCD.

This sequencing argument was theoretically grounded in Teece (2007), Brynjolfsson
and McElheran (2016), and Shollo and Galliers (2016), and was consistent with the

pattern of results the study produced.

7.9.6 The Role of Industry Associations in Capability Development

The structural constraints facing South African hotel SMEs, including energy instability,
constrained capital, and limited management depth, meant that individual property-level
capability development was unlikely to close the competitive gap observed in the data
without external support. Industry associations, and TBCSA in particular, were well
positioned to provide the sector-level capability development infrastructure that
individual SMEs lacked the resources to develop independently. Several concrete
initiatives were suggested by the study's findings. Structured training programmes
targeting OBP analytics engagement, specifically how to interpret demand dashboards,
how to structure weekly revenue review meetings, and how to use competitor
benchmarking data for pricing decisions, would directly address the shallow OBP
engagement that the descriptive statistics revealed. Peer learning networks connecting
hotel SME managers who had developed strong DDCD practices with those who were
earlier in the development process would provide the social learning infrastructure that
formal training alone could not supply. Cooperative data governance frameworks,
enabling groups of independently owned hotels to share anonymised competitive data
and jointly develop market intelligence, would reduce the minimum viable DDCD
investment for individual properties by distributing the data collection and analysis

burden across a member group.

7.10 Limitations

Four principal limitations required acknowledgement. First, the distributional
assumptions of OLS regression were not fully satisfied: the Kolmogorov-Smirnov and
Shapiro-Wilk tests indicated significant non-normality for all study variables, and residual
plots for the DDCD outcome models showed patterned banding consistent with the
bounded, ordinal nature of the Likert-scale predictors. OLS regression is widely used in

social science under comparable conditions, and the central limit theorem provides
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robustness justification for large samples, but these results should be understood as the
outputs of a method that was acceptable in practice while not perfect for bounded ordinal
measures. Future research using ordinal regression, structural equation modelling with
appropriate estimators, or polychoric correlation matrices would be better suited to these

variable types.

The remaining limitations were as follows. The cross-sectional survey design captured
relationships at a single point in time. This was the most significant limitation, because
DDCD development was theoretically a long-term cumulative process. A study
measuring DDCD at Year 1 and dynamic capabilities and competitive position at Year 3
would be better positioned to detect the pathway than a study measuring all variables
simultaneously. The non-supported H1, H2, H3a, H3b, H3c findings were almost

certainly partly a function of this design constraint.

The self-report, single-respondent design introduced the risk of common method
variance, which may have contributed to the very high R? in the Model 4 result.
Procedural and statistical remedies were applied (Section 4.7), but the possibility that
the R? of .827 was partially inflated by shared method variance could not be entirely
ruled out. Future studies should use multi-informant designs and integrate objective
performance data such as OBP-reported conversion rates and RevPAR data from

industry databases.

The frequency composite approach to measuring OBP and Al utilisation, while
theoretically appropriate, may have failed to distinguish between properties that used
these tools occasionally without strategic follow-through and those that used them at the
same frequency but with structured analytical engagement. A measure that captured
engagement depth, specifically, whether tool-generated data was reviewed, discussed,
and acted upon, would more directly operationalise the construct of interest in the DDCD

hypotheses.

7.11 Recommendations for Future Research

Longitudinal designs were the most important methodological recommendation. A study
tracking the same hotel SME properties over two to four survey waves would allow
researchers to test whether DDCD development over time preceded improvements in

dynamic capabilities, and whether dynamic capability growth produced lagged
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improvements in competitive position. This temporal structure was essential to testing

the causal logic of the theoretical model that a cross-sectional design could not provide.

Measurement refinement for OBP and Al utilisation was also recommended. Future
instruments should capture engagement depth, specifically the degree to which tool-
generated data was embedded in management routines, rather than simply frequency
of use. A composite measure that included items such as whether OBP analytics data
was reviewed in  management meetings, whether Al-generated pricing
recommendations were discussed and applied, and whether performance data from
digital tools was used to assess past decisions would operationalise the construct of

interest more directly and would likely produce stronger relationships with DDCD.

Qualitative or mixed-method follow-up studies examining what specifically happened
between OBP and Al tool adoption and DDCD development in high-capability versus
low-capability hotel SMEs would help illuminate the micro-level organisational
processes that the regression models could not access. Why did some properties
develop structured data routines while others, with comparable tool access, did not?
Answering this question required the kind of rich process data that survey instruments

could not collect.

Replication in other emerging market contexts, including East Africa, the broader SADC
region, and comparable markets in Asia, would test whether the shallow-engagement
patterns found here were specific to South Africa or common across early-stage digital

adoption in developing market hospitality.

7.11.1 A Priority Research Agenda for the Sector

A two-to-four year panel study, measuring capability constructs at each wave and
competitive position at the final wave, would test whether DDCD development preceded
dynamic capability improvement and whether dynamic capabilities produced lagged

competitive gains.

The second priority was measurement refinement for OBP and Al utilisation. Future
instruments should move beyond frequency composites toward engagement-depth
scales that captured whether tool-generated data was reviewed in management
meetings, discussed with key decision-makers, and translated into operational

adjustments. The third priority was qualitative and mixed-method inquiry into the micro-

58



processes separating high-DDCD from low-DDCD hotel SMEs with comparable tool
access; understanding the management behaviours, cultural norms, and contextual
constraints driving that difference required interview and ethnographic methods that
survey designs could not provide. The fourth priority was cross-country replication in
comparable emerging market hospitality contexts, including East Africa, India, and
Southeast Asia, to test whether the low-variation patterns and shallow digital
engagement levels observed in South Africa were sector-specific or region-specific. The
fifth and most applied priority was evaluation research examining the effectiveness of
structured DDCD development interventions, specifically management training
programmes targeting weekly data review routines, evidence-based pricing practices,
and data accountability structures, in improving both DDCD scores and competitive
outcomes in hotel SME samples. This kind of intervention research would move the field
from descriptive to prescriptive, providing the evidence base for the sector-level
capability development investments that this study argued were the highest-return

strategic priority for the South African hotel SME sector.

7.12 Conclusion

The study examined how OBPs and Al contributed to competitive advantage in South
African hotel SMEs. The answer was specific: the technology-to-DDCD pathway was
not observable in this sample. Dynamic capabilities, particularly seizing, were strongly
associated with competitive position. The central gap in the sector was organisational,

not technological.

Taken together, the findings showed that most South African hotel SMEs had adopted
digital tools, but many had not yet built the organisational routines required to convert
those tools into capability. The strongest supported conclusion of the study was
therefore not that technology drove competitive advantage directly, but that dynamic
capabilities, particularly sensing, seizing, and reconfiguring, were strongly associated
with competitive position in this sample. The implication was clear: the central gap in the
sector was organisational rather than technological. What the sector required was not
more tools, but more structured routines for using the data those tools already
generated, together with more intentional investment in the sensing, seizing, and
reconfiguring practices that the data showed were the actual drivers of competitive

position.
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Appendix 2 — Consent Letter

| am a student at the University of Pretoria’s Gordon Institute of Business Science
(GIBS), completing research in partial fulfilment of the requirements for the Master of

Business Administration (MBA) degree.

The study investigates “The Role of Online Booking Platforms and Atrtificial Intelligence
in Building Dynamic Capabilities for Competitive Advantage in South African Hotel
SMEs.”

You are invited to complete the short survey below regarding your hotel’s use of digital
tools. Your insights will help improve understanding of how technology supports

competitiveness and innovation in the hospitality sector.

The survey should take approximately 15-20 minutes to complete. Participation is
voluntary, and you may withdraw at any point without penalty. Responses are

anonymous, and only aggregated data will be reported.

By completing the survey, you confirm your voluntary consent to participate in this
research. Should you have any questions or concerns, please feel free to contact me

or my supervisor using the details provided below.

Researcher: Kabelo Ngwenya
Email: 16304030@mygibs.co.za | Phone: +27 76 586 7343
Supervisor: Rishal Balkissoon

Email: rishal.balkissoon@gmail.com
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Participant Information & Consent

Purpose: To understand how hotel SMEs use online booking platforms (OBPs) and
artificial intelligence (Al), how this supports data-driven capability (DDC) and dynamic
capabilities (sensing, seizing, reconfiguring), and how these relate to performance.
Voluntary participation and withdrawal: You may skip any question or stop at any time
before submission. You may withdraw at any time prior to submitting the survey
without any penalty

Confidentiality & anonymity: Do NOT enter your property name. Please create a
unique code: first three letters of your town + last four digits of your business phone
(e.g., JHB-1234). The data will be stored securely and only reported in an aggregated
format so that no individual property can be identified.

Eligibility: You should be an owner, general manager, revenue/reservations manager,
or operations manager of a South African hotel SME.

Risks & benefits: No known risks beyond everyday online activity. Findings may help
SME hotels prioritise digital practices that improve outcomes.

Consent: By selecting “I consent” and proceeding, you confirm you are 18+ and agree
to participate.

O | consent to participate [ | do not consent to particiapte
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Data Protection & Use (POPIA)

Data collected: role, property profile (no names), use of OBPs/Al, DDC items, dynamic
capability items, and performance ranges.

Anonymity: Property names and personal identifiers are not collected by default. The
unique code is used only for de-duplication.

Storage & security: Responses stored on a secure, access-restricted drive. Only the
research team will access raw data.

Retention & deletion: De-identified data retained for analysis and quality assurance for
up to 24 months, then deleted. Aggregated results may be used in publications without
identifying any property or individual.

Right to withdraw: You may withdraw before submission without penalty. After

submission, data cannot be individually removed because they are de-identified.
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Appendix 3 — Research Instrument

Eligibility Gate
EG1. Does your hotel meet at least one SME criterion (£ 100 rooms OR annual turnover

< R50 million)? O Yes O No

If “No”, please do not proceed. Thank you for your time.

Section A: Screening & Property Profile
A1. Unique property code (format: TOWN-####):

A2. Your role (select one): 0 Owner [1 General Manager (] Revenue/Reservations

Manager [] Operations Manager [0 Other:
A3. SME criteria (tick any that apply): [J < 50 rooms [J Annual turnover £ R50 million
Ad4. TGCSA star grading: 1 Ungraded 0102030405

AS5. Chain affiliation: OJ Independent (single property) C1 Small local group (<3 properties)

[ National/International chain

AB. Province: DECOFSOGPOKZN OLP O MPONC ONWOWC

A7. Location type: [1 Metropolitan area [J Secondary city/town [J Rural/remote
A8. Rooms available for sale (typical). _

A9. Years operating under current ownership/brand:

A10. Market mix (approximate %; total ~100%): Corporate __% | Government __ % |
FIT/Leisure __ % | Groups/Tours __% | Other __ %
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Section B — Online Booking Platform (OBP) Utilisation

Scale for B2: 0 = Not used, 1 = Planning, 2 = Rarely (few times/year), 3 = Sometimes
(monthly), 4 = Often (weekly), 5 = Routine (daily).

B1. Where are you listed? (tick all that apply)

[0 Booking.com [ Expedia [1 Airbnb [] Agoda [ Trip.com [] Google Hotel Ads [ Own

website booking engine [1 Other:
B2. How often do you use each OBP feature? [0-5]
» a) Multi-platform listing/management [0 123 4 5]
+ b) Channel manager synchronisation (real-time rates/inventory) [0 12 34 5]
* ¢) Analytics/dashboard (traffic, conversion, comp-set) [012 34 5]
» d) Review management (monitor/response workflows) [0 123 4 5]
» ) Promotions/closed-user group offers (e.g., Genius) [01234 5]
« f) Automated guest messaging/templates [0 123 4 5]
« g) Rate parity monitoring/correction [0 12 34 5]
« h) Integration with PMS for automated updates [0 12 34 5]

B3. Channel mix last 12 months (should total ~100%): Direct website __% | OBPs (total)
__ % | Walk-in/Phone __ % | Agents/TOs __ %
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Section C: Artificial Intelligence (Al) Utilisation

Scale for C1: 0 = Not used, 1 = Planning, 2 = Rarely, 3 = Sometimes, 4 = Often, 5 =
Routine.

C1. How often do you use the following Al-enabled functions? [0-5]
» a) Demand forecasting (Al/ML-based) [0 1234 5]
+ b) Dynamic pricing/yield optimisation (algorithmic) [0 1 2 3 4 5]
« ¢) Automated messaging/chatbots (pre-/post-stay) [0 123 4 5]
« d) Personalisation/recommendations (offers/fadd-ons) [0 12 34 5]
» ¢) Review/sentiment analysis (service improvement) [0 123 4 5]
« f) Al-assisted content for listings/ads [0 12 3 4 5]

C2. If used, please name your pricing/forecasting tool(s) (optional):
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Section D: Data-Driven Capability (DDC)

Scale: 1 = Strongly disagree ... 7 = Strongly agree.

* D1. We have timely access to accurate booking and revenue data across channels.
[1234567]

» D2. Managers have the skills to interpret dashboards and reports. [1234567]
» D3. We discuss key metrics in regular management meetings. [1234567]

» D4. Pricing and promotions are based on data, not intuition alone. [1234567]
» D5. Data and insights are shared across departments. [1234567]

» D6. We run small experiments (e.g., A/B offers) and learn from the results. [123 4
567]

» D7. We maintain basic data governance (clear definitions, data checks). [123456
7

» D8. At least one person is accountable for analytics/data quality. [1234567]
» D9. Senior leadership encourages evidence-based decisions. [1234567]

= D10. (Reverse) We rarely use analytics in day-to-day decisions. [1234567]
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Section E: Dynamic Capabilities (Sensing, Seizing, Reconfiguring)

Scale: 1 = Strongly disagree ... 7 = Strongly agree.

* E1. We systematically track demand trends and competitor moves. (Sensing) [123
4567]

» E2. We review guest feedback regularly to identify emerging needs. (Sensing) [123
4567)

» E3. We scan multiple channels (OBPs, social, direct) for early signals. (Sensing) [1
234567]

« E4. We commit resources quickly when data indicate an opportunity. (Seizing) [12
34567]

« E5. We adjust prices/packages rapidly in response to signals. (Seizing) [123456
71

» E6. We align teams quickly to launch or scale promising offers. (Seizing) [12345
67]

* E7. We periodically redesign processes to improve speed/quality. (Reconfiguring) [1
234567]

» E8. We integrate new tools and retire ineffective ones without delay. (Reconfiguring)
[1234567]

« E9. We reallocate staff/time to higher-impact activities as conditions change.
(Reconfiguring) [1234567]
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Section F: Performance (last 12 months)

Please answer using the ranges provided. These anchored ranges protect confidentiality
and allow valid analysis.

F1. Occupancy trend vs local competitors: [1 Much worse [ Worse [0 Similar [J Better

O Much better
F2. RevPAR index vs local competitors: [0 <85 (1 85-95 0 95-105 O 105115 O >115
F3. Share of repeat/loyal guests: 00 <10% O 10-19% O 20-29% O 30-39% O 240%

F4. Direct-channel mix (own website/phone): (1 <10% O 10-24% O 25-39% [0 40-59%
0 260%

F5. Overall performance vs last year: [0 Much worse [0 Worse O Similar O Better O

Much better

F6. Overall competitive position in our area: 1234 567 (1 = Among the weakest, 7 =

Among the strongest)
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Section G: Environment & Controls

G1. Environmental dynamism in our local market: 123456 7 (1= Very stable, 7 =

Very turbulent)
G2. Perceived usefulness of digital tools for our property: 1234567
G3. Perceived ease of use of digital tools at our property: 123456 7

G4. Major shocks in the last 12 months (events, closures, refurbishments) — optional:

G5. Quality/attention check — please select “Agree” () for this statement: 1234567
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Section H : Closing

H1. May we contact you to clarify any responses if needed? O Yes 00 No If Yes, please

provide an email or phone (optional):
H2. Would you like a summary of findings after the study? O Yes (1 No

Thank you for participating. Your responses have been recorded.
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