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[bookmark: _Toc235915328]CHAPTER 1: INTRODUCTION
[bookmark: _Toc235915329]1.1 Introduction
This dissertation deals with the increasing tension between efficiency of algorithms and trust of stakeholder through investigation of how opaque pricing mechanism of Uber impact the perceptions of its users, satisfaction of drivers, and long-term sustainability of the platform. Uber Technologies Inc. is operational a digital platform by connecting riders and drivers in about 405 cities across 60 countries throughout the world. Additionally, the services like freight, food delivery are provided by Uber but its ride-hailing the primary generator of revenue (Uber, 2026a). Fares are calculated in real-time across the platform of Uber by utilization of algorithms which are calculating and predicting demand, availability of drivers, distance and time of travel, and overall traffic. Uber functions as a digital intermediary which implies that it is a digital platform which classifies drivers as independent contractors instead of employees (Slavulj, Kanizaj and Durdevic, 2016). This business model allows for rapid scaling, but it drives a wedge in terms of transparency in pricing and the distribution of earnings between the platform and drivers.
[bookmark: _Toc235915330]1.2 Background
Operational as a digital intermediary in the ride-hailing sector, Uber is dependent on AI, data analytics and algorithmic matching and IT infrastructure for setting real-time fares depending on demand, traffic, and availability of drivers. Platform of uber provides real-time connectivity of drivers and riders. Drivers use the Uber Partner app on their smartphone which indicates their availability. Uber Client app is used by riders for determination of the availability of rides and catch on estimated prices.
[bookmark: _Toc235915331]1.2.1 Surge Pricing
Calculation of fare of Uber changes depending on local transportation laws. It usually includes a minimum base fare, per mile cost, per minute cost and lastly tolls and taxes. The base fare and charges are dependent varying subject to the type of vehicle like UberX, Ubber Go, UberBLACK and so on (Uber, 2026b). A dynamic pricing component widely known as the surge multiplier was introduced in 2012 by Uber. As suggested by its name, prices of fare are multiplied via surge multiplier. Initially the multiplier is 1, which increases during periods of high demand. According to Uber, the two goals of this system are firstly higher profits, increasing supply by stimulating drivers to be online. Secondly the higher prices that may result in reduction of demand by discouragement of price-sensitive or fluctuating customers. Very less is known about surge pricing algorithm of Uber or if the system successfully addresses imbalances between supply and demand (Chen, Mislove and Wilson, 2015). Based on location surge multipliers modify, and it is suggested in recent measurements that the multipliers are updated or modified every 3-5 minutes (Diakopoulos, 2015).
[bookmark: _Toc235915332]1.2.2 The Root Problem: Algorithmic Opacity
Success for the platform requires balancing rider demand with driver supply (Uber, 2024). Disruptions to this balance weaken overall performance. Governments now are scrutinizing these algorithmic models, raising concerns about fairness and labour protection. Uber’s current pricing system is often viewed as opaque. Riders report sudden price shifts without clear breakdowns, while drivers face inconsistent commission structures. According to the University of Oxford (2025), these issues diminish user trust and impact driver income predictability. Analysis by Stichting WIE International (2025) indicates that new pay algorithms have shifted financial risk onto drivers, with commission rates occasionally exceeding 50% of the fare.
These indicators suggest that the root problem is algorithmic opacity, leading to systemic unpredictability. Due to the reason of these pricing mechanisms being complex, empirical study is required to assess how perceptions of unfairness influence trust and platform stability. Without clarity, the company risks rider churn, lower driver retention, and increased regulatory intervention. 
[bookmark: _Toc235915333]1.3 Research Aim
This research inspects that how pricing algorithm of Uber impacts and affects trust and satisfaction of users and drivers. It focuses on the gap between the dynamic mechanics related to pricing of platform and the actual real-life practical experience of riders and drivers. The study identifies how perceptions of fairness and long-term service usage is impacted by opaque pricing for both riders and drivers within a combined single framework. Link between fluctuating structures of commission and driver income stability are analysed. By investigation these relationships, empirical evidence is gathered on how platform stability is impacted by pricing opacity.
The primary goal is the provision of evidence-based strategies for pricing design. These recommendations aim for improvement of transparency without stopping the platform from adjusting prices based on supply and demand. The findings will help in determining whether clearer fare breakdowns and better earnings forecasting tools can result in reduction suspicion and keep both riders and drivers engaged with the service. This work moves past assumptions to offer clear, practical improvements for platform governance. 
[bookmark: _Toc235915334]1.4 Research Objectives
1) Examination of how users and drivers perceive fairness, transparency, and clarity in Uber’s algorithmic pricing and commission system.
2) Assess drivers’ understanding and comprehension of fare calculations, deductions in commission, and distribution of earnings, and analyse how this influences their satisfaction and income predictability.
3) Develop evidence-based strategic recommendations that enhance pricing transparency while maintaining the effectiveness of dynamic pricing mechanisms.
[bookmark: _Toc235915335]1.5 Research Questions
RQ1: To what extent do users perceive Uber’s pricing algorithm as fair, transparent, and consistent?
RQ2: How evidently do drivers understand fare and commission structures, and how does this affect their satisfaction and perceptions of income stability?
RQ3: What is the relationship between perceived pricing transparency and key outcomes such as user trust, continued usage, and driver retention intentions?
[bookmark: _Toc235915336]1.6 Chapter Summary
Chapter 1 has provided an outline of Uber is operational within the industry of ride-hailing, while emphasizing its dependency on algorithm-driven systems for connecting riders and drivers. The discussion outlined the Uber functional model which makes it operate as a digital intermediary, highlighted the core role of data analytics in real time in determination of fares based on factors such as demand, supply, distance, and traffic conditions.
It is further explored in the chapter the concept of dynamic pricing emphasizing focus on surge pricing as a mechanism designed for balancing demand of market and availability of driver. While enabling efficiency and scalability of operations, significant challenges are introduced in relation to transparency, fairness, and predictability of income. Concerns revolving around algorithmic unclarity were identified as a core issue, which effects trust of rider and satisfaction of driver (M. Kamraju, 2025). The lack of clarity in fare calculations and commission structures has been shown to contribute to perceptions of unfairness, thereby influencing user behaviour, driver retention, and overall platform stability.
In response to these challenges, the chapter established the research aim, which is to examine the impact of Uber’s pricing algorithm on user trust and driver satisfaction. The research objectives were outlined to investigate perceptions of fairness and transparency, assess drivers’ understanding of pricing and earnings distribution, and develop strategic recommendations to improve transparency while maintaining the effectiveness of dynamic pricing systems.
In conclusion, the research questions were presented to guide the study, focusing on the extent of perceived fairness and transparency, the level of driver understanding of pricing mechanisms, and the relationship between transparency and key outcomes such as trust, continued usage, and retention. Overall, this chapter lays the conceptual and contextual foundation for the next Chapter 2: Literature Review for the subsequent investigation into algorithmic pricing and its implications for platform governance and sustainability.


















[bookmark: _Toc235915337]CHAPTER 2: LITERATURE REVIEW
[bookmark: _Toc235915338]2.1 Introduction
Price surging, also known as dynamic pricing or algorithmic pricing, has become pervasive in digital platform economies. Utilizing machine-learning techniques and real-time data, prices to changing supply-and-demand conditions are updated by firms (Chen et al., 2017). The boom of ride-hailing platforms has repositioned the traditional understanding of pricing of market, drifting away from static models toward algorithm-driven mechanisms that are complex, standard-bearers suggest that improves economic efficiency is improved by dynamic pricing and it mitigates market frictions by encouragement of drivers to be available at the periods of high demand (Castillo, Knoepfle, & Weyl, 2017). Dynamic pricing mechanisms can lessen shortages and reduce wait timing by inducing drivers in working at times when demand exceeds supply. It in turn leads to better performance and reliability of the platform. Despite its potential advantages, sentiment of public regarding dynamic pricing remains mixed. It can be interpreted as unfair practice specially in situations like occurrence during emergencies, natural disasters, or public events (Haws & Bearden, 2006). While design of these systems is for balancing market equilibrium between rider demand and driver supply, they simultaneously lead to introduction of significant challenges regarding transparency, fairness, and stakeholder trust (Zarsky, 2016). This chapter critically examines the academic literature surrounding algorithmic pricing, focusing on how these systems impact the perceptions and behaviours of both riders and drivers within the digital platform economy.
In order to understand the complex dynamics of this environment, this review integrates several key theoretical frameworks. First, it analyses Equity Theory and Procedural Justice Theory, which provide a foundation for understanding how stakeholders evaluate fairness not only based on final costs or earnings but also on the perceived legitimacy of the processes that determine them. Furthermore, it incorporates Fairness Heuristic Theory and Trust Theory to explore how algorithmic opacity functions as a barrier to building long-term relationships between platform providers and their users. 
In addition to these theoretical lenses, this chapter synthesizes empirical evidence regarding the specific impact of dynamic and surge pricing. It distinct the platform-driven objectives relating to operational efficiency and scalability with the endured experiences of stakeholders, particularly regarding volatility of income for drivers and price unpredictability for riders. By identification these tensions, a significant gap in existing research is highlighted by this review. While academic focus has often revolved in isolation for either around the consumer or the driver, lack of integrated study exploring how transparency influences both sides of the marketplace within a unified framework exists. Conceptual basis for the study are established in this chapter, demonstrating that addressing algorithmic opacity is not merely a technical concern but a strategic priority for platform sustainability and governance. 
[bookmark: _Toc235915339]2.2 Theoretical Frameworks
The dissertation investigates the transparency and fairness of Uber’s algorithmic pricing by integrating several key theoretical frameworks from behavioural economics, management, and organizational justice. These frameworks help explain how stakeholders (riders and drivers) perceive, evaluate, and react to dynamic pricing.
[bookmark: _Toc235915340]2.2.1 The Psychology of Fairness
Analysing reactions to dynamic pricing, it is vital for establishing how individuals define and evaluate fairness in transactional exchanges. Research in this field suggests that fairness not being a static concept rather it is a dynamic judgment which is shaped by both outcomes and the processes determining them. As reported by Yeomans (2019), there is a lot of skepticism in consumers when transparency in the reasoning is lacked in algorithmic decision-making. In the ride-hailing case, part of what makes consumers so uncertain is that pricing structures are opaque, leaving would-be riders unsure whether their price was increasing in an effort to optimize efficiency or, instead, company profits.
[bookmark: _Toc235915341]2.2.2 Distributive Fairness and Equity Theory
At the foundation of fairness evaluation is Equity Theory, which posits that individuals assess the justice of an exchange by comparing their input-output ratios to those of others (Adams, 1965). In the context of ride-hailing, this involves a comparison between the price paid or earned and the perceived value received. Anderson and Wieseke (2015) argue that fairness perceptions emerge when individuals compare their costs with those of other users or market standards. Building on this, Kahneman, Knetsch, and Thaler (1986) discuss fairness in terms of a social norm. When surge pricing causes irregular price fluctuations for the same route, riders may perceive this as a violation of distributive fairness, as they cannot justify the discrepancy based on the service provided.
[bookmark: _Toc235915342]2.2.3 Procedural Justice and Algorithmic Decision-Making
While the focus of distributive fairness is on the result of a transaction, Procedural Justice Theory emphasizes that individuals assess the fairness regarding processes that are producing those results (Thibaut and Walker, 1975; Leventhal, 1980). In traditional markets, pricing processes are having transparency followed by established norms. However, within algorithmic pricing systems, the decision logic is frequently obscured, making it difficult for stakeholders to evaluate the legitimacy of the process. Even when aa adjustment of price is justified economically by supply and demand, users have a possibility in questioning the fairness of the algorithm if the mechanism remains opaque (Leventhal, 1980). Consequently, the lack of transparency in calculation of fares by Uber can be interpreted as a failure of procedural justice, leading to suspicion rather than acceptance of price volatility.
[bookmark: _Toc235915343]2.2.4 Fairness Heuristic Theory and Trust
Fairness Heuristic Theory provides a critical view to understand how stakeholders navigate this uncertainty. Lind (2001) proposed that when individuals are facing environments that are complex where logic decision is hidden, they use perceived fairness as a mental shortcut, a heuristic, determining whether the system is legitimate and worthy to trust. For Uber users and drivers, the algorithmic "black box" forms a basis of a state of high uncertainty. In the absence of clear information, stakeholders are reliant on their perceptions of fairness in deciding continuation of usage or working for the platform (Lind, 2001). Bolton, Warlop, and Alba (2003) hold the view that a huge impact on satisfaction and long-term loyalty is because of perceived price fairness. If the system is viewed as fundamentally unfair, this heuristic works as a signal for distrusting the platform entirely, leading to reduction in engagement or churn. This suggests that for digital platforms, fairness is not just a secondary concern rather it acts as a primary driver trust and retention of stakeholder.
[bookmark: _Toc235915344]2.3 Trust in Digital Platforms
In the context of digital intermediaries like Uber, trust serves as the primary mechanism for mitigating the risks associated with information asymmetry. Because the platform acts as a "black box" where decision-making logic is hidden from participants, the reliance on trust becomes more acute than in traditional service environments. Fudenberg and Villas (2006) add that, while behavior-based pricing strategies may be cost-effective, they can backfire when viewed as discriminatory or deceptive.
[bookmark: _Toc235915345]2.3.1 The Dimensions of Trust
According to Mayer, Davis and Schoorman (1995), Trust Theory suggests that stakeholder confidence is built upon three distinct perceptions: ability, benevolence, and integrity. 
· Ability: This reflects the competence of platform in provision of a reliable service, such as accurate matching and timely arrivals. 
· Benevolence: This perception denotes that the platform is acting in the best interest of its stakeholders instead of sole prioritization its own profit margins. 
· Integrity: This is related to the adherence of platform to a set of acceptable principles, with the inclusion of transparent communication regarding pricing and earnings.
Frequent or unexplained price surges may weaken perceived benevolence, while opaque pricing mechanisms may reduce perceived integrity. Consequently, diminished fairness perceptions may translate into reduced trust of user and lower long-term engagement.
[bookmark: _Toc235915346]2.3.2 Algorithmic Opacity and Trust Erosion
The lack of transparency inherent in algorithmic management directly challenges these dimensions of trust. Pasquale (2015) contends that when decision processes remain hidden, the platform undermines its own credibility because stakeholders cannot scrutinize the logic behind price surges or commission deductions. When Uber’s pricing logic is perceived as inconsistent or opaque, it signals a potential lack of integrity, which directly weakens the perceived benevolence of the platform. 
Mittelstadt et al. (2016) further observes that trust significantly declines when algorithmic decisions lack adequate explanation. For riders, an unexplained price spike can be interpreted as exploitation, while for drivers, the inability to understand how their earnings are calculated creates a sense of vulnerability. Consequently, the "black box" nature of these systems functions as a significant barrier to maintaining long-term stakeholder engagement, as the inability to verify the fairness of a transaction forces users and drivers to rely on perceptions rather than facts to assess the platform’s reliability.
[bookmark: _Toc235915347]2.4 Market Realities
The operational reality of Uber’s pricing model is defined by a continuous tension between achieving market efficiency and managing the socio-economic impacts on its participants. Empirical research suggests that while dynamic pricing serves as a functional tool for market clearing, its practical application results in divergent outcomes for riders and drivers.
[bookmark: _Toc235915348]2.4.1 Surge Pricing and Consumer Perception
It is indicated in the research that critical moderator in consumer perception is transparency. Ameen and Malik (2026) report that through enhanced transparency, perceived unfairness among users is reduced by 18%. Furthermore, presentation of surge pricing as a form of "demand management" rather than "maximization of profit " reduces perceptions of unfairness by an additional 15%. However, the recurrence of these pricing events is problematic; Ameen and Malik (2026) found that frequent surges are associated with a 25% increase in negative evaluations by customers, suggesting that perceptions of exploitation are significantly amplified when dynamic pricing is experienced repeatedly. 
[bookmark: _Toc235915349]2.4.2 Driver Outcomes and Structural Inequality
Employee satisfaction is considered as a consonance between rewards given by the work environment and the desire of the individual for these rewards ((Scarpello and Vandenberg, 1992, p.125). Consumer-focused findings are challenged by research examining driver outcomes highlighting structural concerns regarding earnings and predictability. By analysing 1.5 million UK trips, Binns et al. (2025) determined that dynamic pricing significantly resulted in reduction of earnings predictability and elevated income inequality among drivers. Although a standard 25% commission rate is proclaimed by Uber, the study found that the median take rate has risen to 29%, with some specific instances exceeding 50%. Employee behaviour and attitude is seriously influenced by financial pressure and thereby the general level of satisfaction (Brett, Cron and Slocum, 1995, p.261). These findings indicate that algorithmic pricing may effectively shift economic risk toward drivers while simultaneously increasing platform margins. 
[bookmark: _Toc235915350]2.4.3 Synthesis: The Need for an Integrated Framework
Ride-hailing is in contrast immediate, personal services where price sensitivity or fairness expectations might vary. Secondly, few empirical studies systematically view how transparency, frequency of surge, and framing of pricing rationales interact in affecting fairness perceptions in algorithmic-mediated markets. Third, despite existing work on distributive and procedural fairness, relatively little is known this context about the interactional dimension of fairness in, especially how platforms are communicating their strategies. Regardless of growing body of literature on fairness, transparency, and income volatility, a there remains a significant research gap. In most existing studies consumers or drivers are examined in isolation. Consumer research emphasizes trust and psychological perception, whereas structural inequality and earnings instability is highlighted in driver research. Within a unified framework, limited research currently blends these perspectives. This division underlines the need for a study, examining how the interconnected relationship between trust of user, satisfaction of driver, and the long-term sustainability of the platform are influenced by algorithmic transparency.
For addressing the identified research gap, this dissertation adopts an integrated theoretical framework by utilization Procedural Justice Theory for evaluating the neutrality and transparency of determining algorithmic price. Furthermore, it incorporates Equity Theory for quantifying the tension between driver and labour inputs and related financial outcomes. Lastly it integrates Trust Theory as an overarching lens for analysing the behavioural consequences of perceived unfairness across both consumer and driver populations.
[bookmark: _Toc235915351]2.5 Chapter Summary
Chapter 2 provides a comprehensive review of the academic landscape surrounding algorithmic pricing, establishing that fairness is a dynamic judgment rather than a static concept, often leading to scepticism when algorithmic decision-making lacks transparency. By integrating Equity Theory, which evaluates the justice of exchanges based on input-output ratios, and Procedural Justice Theory, which examines the legitimacy of the processes themselves, this review addresses how stakeholders navigate the uncertainty of "black box" pricing. Furthermore, by incorporating Fairness Heuristic Theory and Trust Theory which identifies ability, benevolence, and integrity as core pillars. This chapter explores how algorithmic opacity serves as a barrier to stakeholder retention. The synthesis of empirical evidence reveals a clear research gap, as existing studies often isolate consumer perceptions of unfairness from the structural concerns of driver earnings instability. Consequently, this dissertation adopts an integrated theoretical framework, utilizing Procedural Justice Theory to evaluate the neutrality and transparency of algorithmic price determination, Equity Theory to quantify the tension between driver labour inputs and financial outcomes, and Trust Theory as an overarching lens to analyse the behavioural consequences of perceived unfairness across both consumer and driver populations. Building upon the theoretical and empirical foundations established here, Chapter 3 will detail the methodology employed to operationalize these concepts, providing a structured approach for evaluating the mechanisms of algorithmic transparency and fairness.











[bookmark: _Toc235915352]CHAPTER 3: METHODOLOGY
[bookmark: _Toc235915353]3.1 Research Design and Framework
This research adopts a mixed-methods approach, combining quantitative and qualitative techniques. Mixed-methods designs are beneficial in inquiring complex socio-technical phenomena like algorithmic fairness. Measurable behaviour changes is determined by these methods while also catching subtle perceptions that are subjective (Creswell & Plano Clark, 2017). The nature of this research is explanatory, examining the relationships between perceived algorithmic transparency, perceptions of fairness (distributive and procedural), trust, and satisfaction of stakeholder within ride-hailing platforms. Employing a parallel convergent mixed methods approach this study implements gathering quantitative survey data from both riders and drivers to evaluate the impact of algorithmic management on trust, fairness, and procedural justice. Combining quantitative survey instruments with supplementary qualitative items like semi structured interviews allowed a robust examination of how platform pricing transparency affects user and driver behaviour.
[bookmark: _Toc235915354]3.2 Questionnaire Operationalization Strategy
For operationalizing the variables outlined in the research framework, custom measurement instruments were developed using a targeted literature search on Google Scholar. This search identified the anchor publication by Ameen and Malik (2026), which establishes the foundational definitions for Equity Theory, Trust Theory, Procedural Justice Theory, and Fairness Heuristic Theory. Rather than conducting a systematic literature review to synthesize historical data, this search served exclusively as an instrument-building strategy. The theoretical definitions and metrics extracted from Ameen and Malik (2026) were adapted into platform-specific linear scale questionnaires. These custom items capture the lived experiences of both Uber riders and drivers encountering algorithmic pricing deployed via Google Forms. The outcome variables were perceived fairness, platform trust, and continued use intention. Reactions were assessed by means of Likert scales used in previous studies on fairness perception (Bolton, Warlop, and Alba, 2003).
[bookmark: _Toc235915355]3.3 Quantitative Data Infrastructure
Primary quantitative responses were compiled via a cloud-integrated data architecture. Specifically, two distinct, structured instruments deployed through Google Forms utilized linear interval Likert scales to capture user metrics. These platforms dynamically transferred real-time entries directly into centralized, cloud-hosted Google Sheets relational databases. To safeguard confidentiality and integrity, raw datasets were isolated and maintained within an encrypted Google Drive repository, with access restricted to prevent unauthorized viewing or modification.
[bookmark: _Toc235915356]3.3.1 Data Collection Instruments
Two custom survey instruments were developed to capture parallel psychological constructs from both perspectives: The questionnaire measures core constructs using Likert-scale items anchored from 1 (Strongly Disagree) to 5 (Strongly Agree) based on the dimension variables:
[bookmark: _Toc235904827]Table 1: Core Dimension variables for survey instruments
	Dimension
	Riders
	Drivers

	Transparency (Procedural Justice)
	Understanding of upfront fares, surge triggers, and fee breakdowns.
	Understanding of earnings calculations, dispatch logic, and commissions.

	Fairness (Equity Theory)
	Alignment of fares with service value, distance, and market rates.
	Compensation for fuel, maintenance, and working hours.

	Trust (Trust Theory)
	Confidence in surge pricing fairness and customer support resolution.
	Trust in automated support, dispute resolution, and time tracking.

	Behavioral Intentions
	App retention, recommendation likelihood, and platform switching.
	Retention likelihood, recommendation willingness, and migration.



[bookmark: _Toc235915357]3.4 Target Population and Sampling
A non-probability purposive sampling technique was employed for this research, targeting a sample size of n = 25 for both riders and drivers separately within UK. This technique enabled the research in focusing on participants who were diverse in demographics and in ride-hail usage frequency, thus fetching out a variety of responses (Patton, 2002). Participants were deliberately selected based on two rigid eligibility constraints: direct operational or consumer experience with ride-hailing platforms and explicit exposure to automated surge pricing mechanisms. To ensure data integrity, a multi-stage screening strategy was applied using automated binary gatekeeping filters embedded at the start of the online instruments. 
[bookmark: _Toc235915358]3.4.1 Inclusion, Exclusion, and Participant Screening
· Rider Cohort Inclusion Criteria: Participants must be at least 18 years of age and hold active user histories with the Uber platform involving direct exposure to automated surge pricing events. Individuals less than 18 years of age or those having no direct transactional experience with ride-hailing applications were automatically exempted from the study.
· Driver Cohort Inclusion Criteria: Participants must be currently or former Uber drivers working on either a full-time or part-time basis. Individuals with no operational driving history on ride-hailing networks were filtered out prior to survey initiation.
[bookmark: _Toc235915359]3.5 Qualitative Phase: Face-to-Face Discussions
The qualitative phase included face-to-face semi-structured interviews with 2 Uber drivers and 2 riders respectively. This track operated entirely separate from mathematical calculations and were analysed thematically (Braun and Clarke,2006).
Comprehensive textual notes captured during each session were reviewed to achieve data immersion. Open codes were generated directly from participant statements regarding dynamic surge multipliers, operational transparency, and financial equity. These codes were clustered into broader themes mapped to Procedural Justice Theory, Equity Theory, and Fairness Heuristic Theory.
[bookmark: _Toc235915360]3.6 Data Analysis Protocols
 The measurement instruments were self-developed from theoretical constructs due to which rigorous internal consistency checks are essential. Content validity was established by mapping every linear scale question directly to peer-reviewed definitions of fairness, equity, and trust. Following data collection, scale reliability will be evaluated using Cronbach's alpha α within the Google Sheets database prior to final correlation analysis.
[bookmark: _Toc235904828]Table 2: Cronbach's alpha validity range
	Cronbach's Alpha Range (Connelly, 2007)
	Academic Interpretation

	α ≥ 0.90                     
	High Internal Consistency

	0.80 ≤ α < 0.90              
	Reliable

	0.70 ≤ α < 0.80              
	Acceptable 

	α < 0.70                     
	Removeable



Given the exploratory design and sample size of n=25 per cohort, the analysis evaluated linear associations between variables. Relationships were assessed using the Pearson Correlation Coefficient (r) in Excel for determining the strength and direction of associations without assuming causality. This analysis will strictly evaluate how variables move together linearly, avoiding over-extended causal modelling due to the exploratory sample constraints.
[bookmark: _Toc235915361]3.7 Ethical Considerations
Ethical compliance is implemented via mandatory informed consent, full anonymity, and strict security of data. Every participant had to agree to study terms before accessing the survey. The right to withdraw at any time without consequence was retained thoroughly. No personally identifiable information is collected, protecting financial sensitivity, while all quantitative records and interview notes remained isolated in a private, password-protected, encrypted Google Drive repository accessible exclusively by the primary researcher.
[bookmark: _Toc235915362]3.8 Chapter Summary
This chapter outlines a parallel convergent mixed methods design for examining how ride-hailing algorithmic pricing is affected transparency, fairness, trust, and behavioural intentions. A non-probability purposive sampling method to target 25 UK riders and 25 UK drivers was used through cloud-integrated Google Forms. Custom survey instruments measure core variables using Likert scales, while semi-structured interviews with 4 total participants provide qualitative insights analysed via thematic analysis. Data integrity and internal consistency are managed through Cronbach's alpha reliability checks, secure Google Drive storage, and Pearson correlation analyses to evaluate linear associations without assuming causality.










[bookmark: _Toc235915363]CHAPTER 4: RESULTS AND DISCUSSIONS
[bookmark: _Toc235915364]4.1 Introduction
Chapter 4 offers a descriptive and statistical analysis of the data which was collected in this study. Key findings through summary statistics and explores the relationships between variables are outlined utilizing appropriate analytical techniques. In addition, this chapter discusses the emergent patterns within the results with the provision of interpretation and linking them to the research objectives. The aim is to provide a clear understanding of the data trends and their implications for the study.
[bookmark: _Toc235915365]4.2 Results
This section presents the descriptive results of the study cohorts alongside the empirical findings derived from the integrated theoretical framework questionnaire.
[bookmark: _Toc235915366]4.3 Descriptive Results of Study Cohorts
This section details the demographic and behavioural characteristics of the participant samples. It establishes the baseline profile for both the rider and driver cohorts. The following data defines key operational metrics, geographical distributions, and platform usage frequencies to provide context for the survey responses regarding dynamic pricing. 
[bookmark: _Toc235915367]4.3.1 Participant Ride Frequency
Ride frequency across of riders five categories was reported for capturing behavioural patterns and platform engagement. The modal response indicated that the largest proportion of respondents used the platform once a week (36%) which is followed closely by users who use it multiple times a week (32%). Less frequency of usage is comparatively limited, with 12% using the platform once or twice a month and another 12% who use it rarely, while only 8% report daily use. Overall, the distribution indicated that a clear majority of riders (68%) engaged with the platform on a frequent, weekly basis.
[image: A graph with purple bars

Description automatically generated with medium confidence]
[bookmark: _Toc235897786]Figure 1: User ride frequency
[bookmark: _Toc235915368]4.3.2 Geographic Distribution of Rider Cohort
For examining geographic distribution, participants were asked to be identified in the primary location where they use the Uber application. It captured regional engagement across the United Kingdom. As a result, the data spanned across 12 distinct locations with indication of broad geographic coverage rather than concentration in a single area.
[image: ]
[bookmark: _Toc235897787]Figure 2: User Geographic distribution	
[bookmark: _Toc235915369]4.3.3 Rider Exposure to Surge Pricing
For assessing transparency of platform and awareness consumers of dynamic pricing, participants were asked whether they had experienced surge pricing during the usage of application. The results indicated a majority with 92% of respondents, who reported that they had encountered surge pricing. This highlights that dynamic fare adjustments are a prevalent and widely recognized feature among the riders in survey. In contrast, only a small minority reported otherwise, with 4% stated they had not experienced surge pricing while uncertainty was indicated by another 4%. Collectively, these responses account for just 8% of the sample which means that exposure to algorithm-driven price fluctuations is nearly universal within this cohort.
[image: Forms response chart. Question title:  Have you experienced surge pricing while using the Uber app?  . Number of responses: 25 responses.]
[bookmark: _Toc235897788]Figure 3: User Ride Surge

[bookmark: _Toc235915370]4.3.4 Driver Occupational Status
Establishing a professional standing and familiarity of operations within the driver cohort, participants reported their occupational status on the platform. The dataset indicated a strong concentration of active participation, with 84% of respondents identified as currently active drivers. It was demonstrated that the sample largely consisted of individuals with direct, ongoing experience of the platform’s operational and algorithmic systems. In contrast, 16% of participants reported being formerly active drivers which provided retrospective perspectives and ensuring representation from both current and past platform engagement.

    [image: Forms response chart. Question title: What is your current status as an Uber driver?. Number of responses: 25 responses.]
[bookmark: _Toc235897789]Figure 4: Drivers operational status
[bookmark: _Toc235915371]4.3.5 Driver Tenure and Platform Experience
To establish professional standing and operational familiarity within the driver cohort, participants reported their occupational status on the platform. The dataset indicated a strong concentration of active participation, with 84% of respondents identifying as currently active drivers. This demonstrated that the sample largely consisted of individuals with direct, ongoing experience of the platform’s operational and algorithmic systems. In contrast, 16% of participants reported being formerly active drivers, providing retrospective perspectives and ensuring representation from both current and past platform engagement.
[image: Forms response chart. Question title: How long have you driven for Uber?. Number of responses: 25 responses.]
[bookmark: _Toc235897790]Figure 5: Driving Timeline
[bookmark: _Toc235915372]4.3.6 Driver Weekly Schedule and Operational Intensity
To evaluate labour patterns and operational intensity within the driver cohort, participants described their weekly driving schedules across two categories. The results showed that a high portion of respondents (56%) operated on a part-time basis which means working fewer than 30 hours per week. In contrast, the participants who reported driving full-time were 44%, with 30 or more hours per week. This distribution reflects a relatively balanced representation between part-time and full-time driver.
[image: Forms response chart. Question title: How would you describe your driving schedule on the Uber platform?  . Number of responses: 25 responses.]
[bookmark: _Toc235897791]Figure 6: Driver operational frequency

[bookmark: _Toc235915373]4.4 Integrated theoretical framework output (Riders)
[bookmark: _Toc235915374]1: Perceived Transparency (Procedural Justice)
1. [bookmark: _Toc235915375]Fare Calculation Transparency and Clarity
For evaluation of user perceptions regarding algorithmic transparency and fairness, participants were prompted to rate their agreement with the aspect that the process of fare calculation was clear and easy to understand. The responses indicated a strong response indicating a lack of clarity in the pricing mechanism. The modal response represented 52% of the sample in selection the lowest rating with an additional 36%, who selected the second-lowest option which resulted in 88% of participants expressing disagreement with the statement.
The system was perceived as understandable by only a small minority. A neutral rating was provided of 8%, and just 4% expressed some level of agreement and no participants selected the highest rating. Overall, this distribution indicated fare calculation was experienced as an opaque and difficult-to-understand process by drivers widely.
            [image: ]
[bookmark: _Toc235897792]Figure 7: User clarity of fares	
2. [bookmark: _Toc235915376]Surge Pricing Communication and Justification
Participants rated their agreement on whether Uber provided sufficient information to explain price increases, such as surge pricing. The results are indicating a strong tendency toward disagreement. The modal response of 64% of the sample selected a low rating, while the lowest option was chosen by additional 20%, bringing total disagreement to 84%.
Neutral and positive responses remained minimal. A total of 8% of participants selected a neutral rating, and another 8% expressed some level of agreement, with no respondents selecting the highest rating. Overall, this distribution suggested that the platform did not adequately communicate the underlying reasons for fare increases.
[image: Forms response chart. Question title: I feel that Uber provides sufficient information regarding why a price has increased (e.g., surge pricing).. Number of responses: 25 responses.]
[bookmark: _Toc235897793] Figure 8: Users surge price information
3. [bookmark: _Toc235915377]Itemized Cost Breakdown Sufficiency
Participants rated whether fare breakdowns provided sufficient detail to justify the final cost. The results showed continuation of dissatisfaction with pricing transparency as 72% of respondents expressed disagreement, including a modal 56% who selected a low rating. There were limited neutral and positive responses, with 16% neutral and 12% indicating some agreement, and the highest rating was selected by none of the participants. Overall, the findings indicated that the itemized breakdowns was largely found by users to be insufficient to justify the final fare.
[image: Forms response chart. Question title: The fare breakdowns provided by the app are detailed enough to justify the final cost.. Number of responses: 25 responses.]
[bookmark: _Toc235897794]Figure 9: Breakdown and justification of fare
[bookmark: _Toc235915378]2: Perceived Fairness (Equity Theory)
1. [bookmark: _Toc235915379]Price-to-Value Proportion and Fairness
Participants expressed their agreement on whether the price paid for a ride was fair with respect to the value of the service they get. A shift toward neutrality was observed in results and moderate agreement, with the modal response (48%) selected a neutral rating.  Further, agreement was expressed by 48% which includes 40% selection of a higher rating and 8% the highest. There was minimal disagreement, with only 4% indicating slight disagreement and while the lowest rating being selected by none. Overall, in spite of concerns regarding pricing transparency, it was still perceived by many users that the cost as reasonably aligned with the value received.
[image: A graph with purple squares

Description automatically generated with medium confidence]
[bookmark: _Toc235897795]Figure 10: User proportion and fairness
2. [bookmark: _Toc235915380]Peak-Hour Pricing and Exploitation Boundaries
Participants rated their agreement on whether Uber’s pricing algorithm avoided exploiting users during peak hours. The results indicated a tendency toward perceived exploitation, as the modal response (44%) selected a low rating and no participants choosing the lowest option. The remaining responses were distributed evenly as 28% selected a neutral rating and 28% expressed some level of agreement, while the highest rating was selected by no respondent. These findings suggested that a considerable  proportion of users questioned the fairness and ethical limits of peak-period pricing.
[image: Forms response chart. Question title: I do not feel that Uber’s pricing algorithm exploits users during peak hours.. Number of responses: 25 responses.]
[bookmark: _Toc235897796]Figure 11: User perception of exploitation
3. [bookmark: _Toc235915381]Perception of Exploitation
Participants rated their agreement on whether Uber’s pricing algorithm avoided exploiting users during peak hours. The results displays an incline toward perceived exploitation, with the modal response (44%) who selected a low rating and no respondents choosing the lowest option. The remaining responses were distributed evenly as28% selected a neutral rating and 28% expressed some level of agreement. The highest rating was selected by none of the participants. Overall, it is suggested by these findings that a notable proportion of users questioned the ethical boundaries of peak-period pricing.
       [image: Forms response chart. Question title: The pricing of my trips feels consistent compared to similar trips I have taken in the past.. Number of responses: 25 responses.]
[bookmark: _Toc235897797]Figure 12: Users trips consistency
[bookmark: _Toc235915382]3: Trust 
1. [bookmark: _Toc235915383]Ethical Trust in Pricing Practices
Participants rated their agreement on whether they trusted that Uber’s pricing practices were ethical and fair. The results indicated a clear lean toward distrust, with the modal response (48%) selecting a low rating and no respondents choosing the lowest option.
The remaining responses were divided between neutrality (24%) and moderate agreement (28%), with no participants selecting the highest rating. Overall, the findings suggested that fewer than one-third of respondents expressed trust in the ethical fairness of the platform’s pricing.               
[image: ]
[bookmark: _Toc235897798]Figure 13: Users ethical and fairness perceptions
2. [bookmark: _Toc235915384]Impact of Price Discrimination on Consumer Trust 
Participants rated their agreement on whether trust in Uber pricing suffered when observing different prices for the same route compared to other riders. The results demonstrated an overwhelming weightage on the negative impact of price differences, with the modal response of (68%) selected the highest rating and no respondents chose the lowest options. A further strong agreement was further expressed by 28%, bringing total agreement to 96%. Only 4% remained neutral. It is indicated that visible price variation among riders trust in the platform’s pricing practice is significantly undermined 
[image: Forms response chart. Question title: My trust in Uber’s pricing is negatively affected when I see different prices for the same route compared to other riders.. Number of responses: 25 responses.]
[bookmark: _Toc235897799]Figure 14: User trust and price consistency
3. [bookmark: _Toc235915385]Competitive Switching and Market Navigation
Participants rated their agreement on whether they checked competitor applications when Uber prices were high. A strong behavioral shift toward platform switching is indicated in the result, with 48% selecting a high rating and an additional 32% selecting the highest rating, resulting in a total of 80% agreement.
There was minimal disagreement and neutrality as 8% expressing disagreement, none selected the lowest option, and 12% remained neutral. Overall, the findings describe that users were prompted by elevated pricing to compare alternatives and navigate competing platforms.
[image: Forms response chart. Question title: When prices are high, I often check competitor apps (e.g., Lyft, Bolt) before booking an Uber.. Number of responses: 25 responses.]
[bookmark: _Toc235897800]Figure 15: User other platform consideration

[bookmark: _Toc235915386]4: Behaviorial Intention
Long-Term Platform Loyalty and Retention
It was rated by the participant to prompt their agreement on whether they were willing in continuing the usage of Uber as their primary ride-hailing service despite its pricing model. A mixed divided stance was indicated on long-term loyalty, with the modal response (32%) selecting a neutral rating.
Disagreement and agreement accounted for the remaining distribution as 24% expressed disagreement and 44% indicated agreement. It was suggested by these findings that while hesitation is created by pricing concerns, a considerable proportion of users still intended for retaining Uber as their primary platform.
[image: Forms response chart. Question title: I am willing to continue using Uber as my primary ride-hailing service despite its pricing model.. Number of responses: 25 responses.]
[bookmark: _Toc235897801]Figure 16: User Retention
[bookmark: _Toc235915387]4.5 Integrated theoretical framework output (Drivers)
[bookmark: _Toc235915388]1:  Transparency (Procedural Justice)
1. [bookmark: _Toc235915389] Algorithm Comprehension and Remuneration Mechanics
Drivers rated their understanding of how the algorithm determined daily earnings and fare splits. The results indicated a widespread lack of transparency, with the modal response (64%) selected the lowest rating and an additional 32% selected the second-lowest option which resulted in a 96% disagreement. Neutral and positive responses were nearly absent, with only 4% selecting a neutral rating and none indicating agreement. Overall, the findings suggested that drivers operated with very limited visibility into how their earnings and fare allocations were calculated.
[image: Forms response chart. Question title: I understand how the algorithm determines my daily earnings and fare splits.. Number of responses: 25 responses.]
[bookmark: _Toc235897802]Figure 17: Driver’s comprehension of fare calculation

[bookmark: _Toc235915390]2: Fairness (Equity Theory)
1. [bookmark: _Toc235915391]Compensation Equity Relative to Effort and Hours
Drivers rated their perception regarding whether their pay is fair as compared to the effort, hours, and expectations they put in. The findings reflect a strong perception of inequity from drivers’ point of view. The modal response (48%) selected a rating of 2, with an additional 16% selecting the lowest rating, totalling the disagreement to 64%. Remainder of the distribution responses accounted for neutral and positive. Exactly 16% selected a neutral rating, while agreement was indicated by 20%. No respondents selected the highest rating. Overall, it is suggested by the result that compensation by a clear majority of drivers is perceived as insufficient relative to the time and labour they invest.
[image: Forms response chart. Question title: The pay I receive is fair in relation to the effort and hours I put in and expectation.. Number of responses: 25 responses.]
[bookmark: _Toc235897803]Figure 18: Users compensation and expectations
2. [bookmark: _Toc235915392]Surge Pricing Validity and Ground Conditions
Actual reflection of accuracy of surge pricing demand and real-world road conditions was rated by the drivers. It is indicated by the findings an almost complete rejection of surge validity. The modal response indicates (80%) selected a rating of 2, with an additional 12% selecting 1, making a combined disagreement of about 92%.
There were extremely limited Neutral and positive evaluations. Only 4% selected a neutral rating, and 4% agreed, with the highest rating selected by no respondents. It is suggested by the results that surge pricing is overwhelmingly perceived by drivers as misaligning with actual conditions of traffic and demand patterns.
[image: ]
[bookmark: _Toc235897804]Figure 19: Reflection of surge pricing and ground realities

[bookmark: _Toc235915393]3:  Trust (Trust Theory)
1. [bookmark: _Toc235915394]Institutional Confidence in Pricing Policy Updates
Drivers rated their confidence in whether the platform keeps their best interests in mind when updating pricing policies. A unanimous lack of confidence across the cohort was observed. The modal response (76%) selected a rating of 2, while the remaining 24% selected the lowest rating, resulting in 100% disagreement.
There was no presence of neutral or positive evaluations, with zero respondents selected other scale rating items. These findings point to complete institutional distrust with pricing policy changes is uniformly perceived by drivers as misaligning with their professional and financial well-being.
[image: Forms response chart. Question title: I am confident that the platform has my best interests in mind when updating pricing policies.. Number of responses: 25 responses.]
[bookmark: _Toc235897805]Figure 20: Drivers trust on platform policies
2. [bookmark: _Toc235915395]Automated Dispute Resolution Trust for Cancelled Trips and Fares
Drivers rated their trust in the automated dispute resolution process for handling reduced fares and cancelled trips. A pervasive distrust in platform mechanisms was revealed in the results. The modal response (48%) selected a rating of 2, with an additional 40% selecting the lowest rating accounting the  total disagreement to 88%.
Neutral evaluations were absent completely. Only 12% of participants indicated agreement and highest rating was selected by none. Overall, the findings highlight that limited confidence of drivers in automated support systems, viewing them as ineffective in delivery of fair outcomes during fare disputes and trip cancellations.
[image: Forms response chart. Question title: I trust the automated support system to fairly resolve disputes regarding cancelled trips or reduced fares.. Number of responses: 25 responses.]
[bookmark: _Toc235897806]Figure 21: Drivers trust in automated systems
[bookmark: _Toc235915396]4: Behavioural Intentions
1. [bookmark: _Toc235915397]Short-Term Driver Retention and Platform Dependency
Drivers rated their likelihood of continuing to drive for the platform over the next six months. The distribution indicates a notable inclination toward retention of 48%, despite widespread institutional grievances because many drivers appear economically dependent on the platform, sustaining overall retention

[image: Forms response chart. Question title: How likely are you to continue driving for Uber over the next six months?. Number of responses: 25 responses.]
[bookmark: _Toc235897807]Figure 22: Driver’s continuation and retention
2. [bookmark: _Toc235915398]Retention Likelihood and Economic Dependency
Likelihood of continuing to drive for the platform over the next six months was prompted by drivers. Indicated by the results, a notable inclination toward retention despite a widespread dissatisfaction. The modal response (48%) selected a rating of 4, which suggests that a there exists a moderate willingness in remaining active on the platform. A meaningful degree of hesitation is revealed by neutral and lower-intent response. A neutral rating was selected by 16%, while 24% and 12% selected ratings of 2 and 1, respectively, bringing total potential uncertainty to 36%. Highest rating was not selected by any respondent, overall retention intent still stood at 48%. Suggested by the findings, despite concerns revolving pricing transparency and platform support, a substantial portion of drivers continues to be reliant on the platform for consistent income indicating a tension between dissatisfaction and economic dependence.
[image: Forms response chart. Question title: Have you reduced your driving hours or switched to a competitor platform due to pricing or algorithmic concerns?. Number of responses: 25 responses.]
[bookmark: _Toc235897808]Figure 23: Driver view of platform omission and service		

[bookmark: _Toc235915399]4.6 Discussions
The findings of this dissertation highlight that transparency in pricing portrays a crucial role in shaping of riders’ perceptions and behavioural responses within ride-hailing platforms. In relation to perceived fairness, a strong positive correlation is revealed (r = 0.650) depicting that riders who have a clear understanding how fares are calculated are prone to evaluating pricing as reasonable and justified. With effective communication of fare structure specially during periods of surge pricing, users display less inclination to interpreting higher costs as exploitative. Instead, transparency appears to be reframing increases in price as a function of market dynamics, thereby leading to enhancement of perceptions of procedural fairness.
In addition, a meaningful impact is demonstrated on trust which evidenced by a moderately strong correlation (r = 0.567). This finding indicates the importance of clear and detailed breakdowns of fare in fostering institutional confidence. When riders are provided with pricing information which is predictable and explicit explanations of components of cost, they tend to perceive the mechanisms of pricing as ethical and reliable. This leading to emphasizing with broader theoretical perspectives that highlight the role of transparency in reduction of uncertainty and strengthening trust of users in algorithm-driven systems.
Furthermore, it is shown in the results that the strongest relationship between transparency and behavioural intentions (r = 0.694), indicates that communication clarity particularly influences rider loyalty and decisions regarding future usage. Riders who view the pricing model as transparent are more inclined to continuation in usage of the platform as their primary mode of transportation, even in the while in existence of surge pricing. Moreover, such users are more likely to be engaging in positive word-of-mouth and recommendation of the service to others. This suggests that immediate user satisfaction is not only enhanced by transparency but also contributes to long-term customer retention and advocacy.
The analysis of the dataset of drivers presents a notedly different pattern as compared to the riders in relation to the role of transparency. The relationship between transparency and perceived fairness is weak (r = 0.18), which indicates that provision clear explanations of fare calculations or surge pricing mechanisms to drivers does not evidently influence their perception of whether if a compensation is fair. Even with the visibility of pricing mechanisms and fare breakdown, drivers might still be perceiving outcomes as inequitable, especially during durations of fluctuating demand. This suggests that transparency alone is insufficient in addressing concerns related to distributive fairness in earnings of driver.
Similarly, negligible relationship exists between transparency and trust (r = 0.04), which highlights that informational clarity does not translate into increase in confidence in the pricing system of platform. Despite access to detailed trip receipts or algorithmic explanations, no stronger beliefs appear to be developed in drivers in the integrity or ethical functioning of the system. It implies that trust from the perspective of driver is not built through communication features, but rather through earning experiences over time which are consistent and satisfactory.
The weak association is there between transparency and behavioural intention (r = 0.18), which further reinforce that the limited practical impact of transparency on engagement of driver. Clear communication in terms of pricing does not significantly influence willingness of drivers in continuing using the platform or recommendation to others. Unlike riders, strong behavioural intentions are shaped by transparency, drivers appear to pin their continued participation on outcomes that are more tangible, such as income stability and perceived fairness of compensation.
In contrast, there emerged a strong relationship between fairness and trust (r = 0.58), displaying the most influential trail within the driver model. It is demonstrated in the finding that their perception of fair compensation primarily drive trust of drivers in platform. When drivers are of the view that their earnings accurately reflect their effort, time, and invested resources, they are more likely to see the platform as trustworthy. Notably, this relationship is operational independently of transparency, depicting that this effect is not mediated by explanatory clarity 
The findings further find out several important implications for platform dynamics, particularly in relation to how both rider and driver experiences are shaped by interaction with transparency and fairness. One notable outcome is that transparency of surge pricing may inadvertently cause production of negative consequences for drivers. Considering the weak relationship between transparency and perceived fairness (r = 0.18), riders with exposure to detailed surge breakdowns do not necessarily be interpreting higher fares as justified. Instead, such visibility can elevate the frustration toward the pricing system, which is often misapplied at drivers through lower rating or reduction in tipping. This is especially problematic because drivers have no control over algorithmic pricing at all but yet they are dependent on surge periods to enhance their earnings. As a result, transparency, rather than in mitigation of dissatisfaction, may unintentionally enhance tensions within the platform ecosystem.
In addition, the strong relationship emerges between fairness and trust (r = 0.58) which highlights that the central role of perceived equity in maintenance of overall platform stability. When pricing is perceived as exploitative by riders particularly during peak demand, their trust in the platform is deteriorated significantly. This erosion of trust causes leading to decreased platform usage, ultimately reduction of ride demand and negatively affecting the driver utilization and their income. Therefore, fairness is not only a psychological construct but also a critical economic driver that underpins the sustainability of the platform.
Moreover, the relationship between transparency and trust is negligible (r = 0.04) which suggests that improvements in design of user interface or communication features alone are not sufficient in resolving underlying dissatisfaction. While clearer receipts or fare explanations may enhance informational clarity, deeper concerns about pricing equity are not addressed. From a driver perspective, platform-level interventions must move beyond surface-level transparency and must have a focus on structural pricing strategies balancing rider affordability with fair driver compensation.
Behavioural data further reinforces the complexity of driver engagement and their retention. Full-time drivers appear to be more committed at a stated level, with 82% expressing an intention of continuing driving in comparison to only 50% of part-time drivers. However, this complicates the high inclination of multi-platform usage A significant proportion of both full-time (82%) and part-time drivers (64%) responded about having consideration or active usage of alternative platforms. Overall, 72% of drivers indicate that they have reduced their working hours or shifted to competitor platforms because of concerns relating to pricing and algorithmic management. A pattern of “conditional loyalty” is revealed where drivers may continue operation on the platform while simultaneously sidestepping their risk by diversifying across multiple apps.
A notable divergence revealed between full-time and part-time drivers by analysis of continuation intentions, exposing underlying inconsistencies in commitment of drivers. Full-time drivers reportedly have substantially higher intentions to continue using the platform, with 82% indicating a willingness in remaining active in comparison to only 50% of part-time drivers, who were evenly divided in their responses. At face value, this suggests a stronger level of commitment among full-time drivers who likely reflect their greater financial dependence on platform-based income.
However, this interpretation of behavioural patterns are complicated a closer examination. The same 82% of full-time drivers who expressed an intention of continuing driving also significantly overlap with the 82% who report to having already reduced their working hours or switched to a competing platform. This indicates that intention which is and actual behaviour are not mutually exclusive but rather they coexist within the same group. In other words, while full-time drivers may be expressing loyalty in survey responses, parallel strategy of risk diversification is indicated in their actions.
The concept of conditional or fragile commitment is highlighted by this pattern, where drivers keep engaged with the platform not out of exclusive loyalty, but because of the necessity and the absence of better alternatives. Simultaneously, they are precautious against uncertainty in earnings and algorithmic management by their participation in multiple platforms. Such behaviour reflects a pragmatic adaptation to perceived instability in pricing and income structures.
[bookmark: _Toc235904829]                                                  Table 3: Drivers Behavioural Stats
	 Schedule
	n
	Likely to continue 
	Not likely 
	Reduced hours / switched to competitor

	Full-time
	11
	9 (82%)
	2 (18%)
	9 (82%)

	Part-time
	14
	7 (50%)
	7 (50%)
	9 (64%)

	Overall
	25
	16 (64%)
	9 (36%)
	18 (72%)



[bookmark: _Toc235915400]4.6.1 Thematic analysis
From the interviews two core themes emerged which highlighted distinct challenges for drivers and riders. The first theme revolves on structural distrust and economic constraint among drivers. Both interviewed participants expressed deep scepticism facing platform pricing mechanisms and frequent reductions in commission. Despite perceiving these financial structures as unfair, still participants continue driving out due to their economic needs. Not having a viable alternative income source traps them within the system with a creation of a dynamic where labour persistence is derived from financial pressure rather than platform loyalty.
Pricing predictability and service reliability for riders were the focuses second theme. Both passenger participants emphasized the need for a consistent fare structure, highlighting that frequent friction is caused by unpredictable pricing during daily commutes. Riders report frustration with sudden cost fluctuations that occur without proportional changes in service quality.
Combined, it is indicated by these findings that a shared user base are bound by dependency while being frustrated by opaque financial terms. Unfavourable commission models are endured by drivers due to limited employment options, while riders demand greater tariff transparency and stability. Addressing these friction points requires platforms to align driver compensation fairness with predictable passenger pricing to secure long-term trust from both groups.


[bookmark: _Toc235915401]CHAPTER 5: CONCLUSION AND RECOMMENDATIONS

[bookmark: _Toc235915402]5.1 Conclusion
This study demonstrates that fundamental structural tensions across ride-hailing ecosystems are created by surge pricing and algorithm-driven fare structures which impact riders and drivers in several distinct ways. Empirical findings reveal that widespread opacity in fare calculations and surge communications are experienced by riders, with 88% reporting a lack of clarity and 92% to have witnessed and experienced frequent surge pricing. While transparency moderately correlates with rider trust (r = 0.567) and behavioural retention (r = 0.694), it is insufficient to establish perceived fairness via communication features alone, echoing broader findings on algorithmic opacity in platform economies (Karanasiou and Patel, 2018). As argued by Castillo, Knoepfle, and Weyl (2017), surge pricing is effectively respondent to the market of supply and demand, its legitimacy may be affected due to excessive recurrence in fragile moments, a dynamic further combined by an asymmetric information structure (Cramer and Krueger, 2016). When price spikes lack apparent equity, rider trust collapses, triggering platform switching and negative word-of-mouth, which aligns with established consumer behaviour models in digital marketplaces (Zeithaml, Berry, and Parasuraman, 1996).
Conversely, a stark divergence is uncovered in driver analysis: transparency has a little or negligible effect on trust of driver (r = 0.04) and fairness (r = 0.18). Instead, driver retention is directed and impacted by equity in compensation, where institutional trust is derived by perceived fairness strongly (r = 0.58), supporting the core tenets of organizational justice theory in gig work environments (Colquitt, 2001; Rosenblat, 2018). Despite widespread grievances which include a 92% rejection of surge validity and 100% distrust in policy of pricing updates, patterns of conditional loyalty is exhibited by drivers. A significant majority (72% overall, including 82% of full-time drivers) reduce their economic risk by minimizing hours or utilization of competing platforms out of financial necessity rather than genuine loyalty of brand, which reflects the precarious nature of algorithmic labour management (Schor et al., 2020). This is consistent with Shapiro and Varian’s (1999) observations about strategic communication in information markets, were framing matters for consumers’ interpretation of pricing strategies. Therefore, ride-hailing sustainability cannot reliant solely on interface-level disclosures. It requires structural alignment between fair driver compensation and predictable passenger pricing.

[bookmark: _Toc235915403]5.2 General Recommendations
 Refructure Algorithmic Fare Communication: Platforms must move beyond raw numerical cost breakdowns and focus on contextualized value communication. Because transparency alone does not establish fairness, messaging must clearly tie peak pricing directly to driver availability and real-time supply constraints rather than abstract algorithmic metrics.
 Implement Pricing Threshold Caps for Crises: To protect consumers during emergency scenarios or extreme demand spikes, regulatory bodies should establish structural safeguards. Regulators might be required to have in place emergency measures that protect against the algorithm-driven plundering of the public in times of crisis (Castillo, Knoepfle, & Weyl, 2017).
 Balance Driver Compensation with Rider Equity: Platform operators must design fare architectures that protect driver earnings during peak periods without alienating passengers through excessive price multipliers. Aligning platform incentives with consumer expectations of fairness will stabilize long-term retention and protect user trust.
 Adopt Practical Design Frameworks: From a practical standpoint, this work suggests the need for developing ride-hailing systems that are economically viable and ethically acceptable. Operators should pilot predictable peak-smoothing features, such as loyalty-based surge protection or subscription caps, to maintain high user retention without undermining marketplace equilibrium.
[bookmark: _Toc235915404]5.2.1 Solution: Core Operational Mechanics
Fixed Baseline Calculation: The platform of Uber should establish a non-surge algorithmic baseline fare for every route. It should still be calculated by distance, estimated time, and standard operating costs. This baseline must guarantee a predictable minimum floor that covers core operational expenses for both the platform and the driver.
Rider-Initiated Offers: When requesting a trip during peak periods or standard hours, the app should present the rider with the baseline fare. Riders should have a choice to retain the option to accept the baseline price or manually input an additional monetary amount (or match the exact base fare) to create a total fare offer that incentivizes faster driver acceptance.
Driver Counter-Offer Capability: Participating drivers should be to view the complete fare offer, including the baseline and any rider-added premium before accepting. If the offer is deemed insufficient for prevailing road or traffic conditions, drivers can submit a single counteroffer to the rider. Upon mutual acceptance on a set fare, they should be able to operate or start the ride.
Fixed Platform Share: Uber should secure its revenue by taking a fixed, predetermined percentage or absolute fee exclusively from the baseline price component. Any additional discretionary amount offered by the rider flows directly to the driver to incentivize service fulfillment during high-demand windows.
[bookmark: _Toc235915405]5.3 Limitations
This dissertation is subject to several limitations that should be considered when interpreting the findings like:
Limited Sample Size: The relatively small sample restricts the statistical generalizability of the results. While the insights are indicative, they may not fully represent the broader population of riders and drivers on the platform.  The relatively small sample restricts the statistical generalizability of the results. The dataset consists of 25 responses from users and drivers for the quantitative portion, alongside qualitative interviews with two users and two drivers. While these insights point toward specific trends, they do not fully represent the broader population of riders and drivers on the platform.
Lack of Geographical Specificity: The study does not focus or narrow downs on a particular city or region but rather collects a small sample size country wide. Given that pricing dynamics, regulations, and user behaviour can be varying significantly across locations. This can be a limiting factor in terms of the ability to draw location-specific conclusions.
Responses Subjectivity: Data was collected and gathered through self-reported responses through utilisation of Google Forms, which highlights and signals subjectivity clearly. Participants’ answers reflect personal perceptions and experiences rather than objective measures of Uber’s pricing mechanisms, potentially leading to response bias. 
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