
[image: A close-up of black text

AI-generated content may be incorrect.]

Exploring the Behavioural Impact of an OCR Mobile Application for Nutrition Interpretation
by
Iestyn Green

Supervisor: NATHAN MORGAN

Project submitted as part of the requirements for the award of MSc(Hons) Software Engineering

January 2026





DECLARATION 


 
I, Iestyn Green declare that I am the sole author of this Project; that all references cited have been consulted; that I have conducted all work of which this is a record, and that the finished work lies within the prescribed word limits. 
 
 
This work has not previously been accepted as part of any other degree submission. 
 
 

 
Signed : ............................................. 
 
 
Date : 25/01/2026 
 
 




FORM OF CONSENT 



I Iestyn Green hereby consent that my Project, submitted in candidature for the M.Sc.(Hons) Computing & Information Systems degree, if successful, may be made available for inter-library loan or photocopying (subject to the law of copyright), and that the title and abstract may be made available to outside organisations. 



Signed : ............................................. 
 
  
		Date : 25/01/2026




[bookmark: _Toc220263614]Abstract
This dissertation addresses the limitations of the UK Food Standards Agency’s under-standardised front-of-pack nutrition traffic-light labels by developing and evaluating a mobile application designed to improve consumer understanding and decision-making around nutritional information. The application uses Optical Character Recognition (OCR) to classify key nutrient levels: saturates, fat, sugar, and salt as low, medium, or high. The prototype was built in Kotlin, with the interface implemented using Google’s Jetpack Compose, CameraX, and Material3 library. Research investigated the use of Google’s ML Kit and OpenAI’s Vision API for text extraction, ultimately selecting the Vision API for its improved reliability. Although the original aim was to implement an Augmented Reality overlay, technical challenges with extracting text coordinates and time constraints led to the adoption of a static results table for clearer presentation and greater stability. Throughout development, the app interface was designed in accordance with WCAG 2.2 guidelines to ensure accessibility for users with visual and cognitive impairments.
A user survey revealed that 72% of participants reported the app influenced their purchasing decisions, prompting choices that better suited their diet when nutritional information was presented clearly. Many users noted that they had previously relied on marketing claims or front-of-pack messaging rather than examining the actual nutritional content. With the app's assistance, several participants identified discrepancies between product packaging claims and the real nutrient values. Despite the lack of mandatory requirements for the current front-of-pack labelling system, the findings demonstrate that accessible digital tools can support consumers, particularly those with dietary or accessibility needs, in making more informed decisions. Future work should explore integrating real-time AR overlays and extending the study duration to further investigate the app’s impact on diet-related purchasing behaviour.
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	AR
	Augmented Reality

	OCR
	Optical Character Recognition

	mHealth
	Mobile Health

	UI
	User Interface

	FSA
	Food Standards Agency (UK)

	TAM
	Technology Acceptance Model

	TPB
	Theory of Planned Behaviour

	WCAG
	Web Content Accessibility Guidelines

	MADLC
	Mobile Application Development Life Cycle

	ML Kit
	Machine Learning Kit

	App
	Application
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Many people today struggle to read nutritional labels, this challenge is especially significant for those with conditions such as diabetes, obesity, or hypertension, who must closely monitor their intake. In England, diet-related illness represents a major public health concern, with over 25% of adults classified as obese [1], and approximately 7% have been diagnosed with diabetes, according to recent health surveys [2]. 

Traditional nutrition labels can be difficult to comprehend, especially in time-constrained scenarios, during shopping, or for individuals with cognitive disabilities. According to the UK Food Standards Agency (FSA), foods containing more than 1.5g of salt per 100g are classified as “high” in salt [3], and excessive salt consumption is strongly associated with increased risk of hypertension, stroke, and heart disease. This is particularly concerning given that approximately 28% of adults in England have high blood pressure [4]. To address this, the FSA implemented a front-of-pack traffic light system designed to indicate foods high in fat, saturated fat, sugar, or salt [5]. However, because this label is not a legal requirement, many products print it in a misleading way. For example, some do not print it in colour or do not include it at all [6]. This gap highlights the necessity for a more accessible and consistent labelling system.

As of 2025, it is estimated that 95% of individuals in the United Kingdom possess a smartphone [7]. While Optical Character Recognition (OCR) and Augmented Reality (AR) technologies have been successfully paired in many mobile applications, their potential to simplify and support nutritional decision-making remains largely unexplored.

This dissertation aims to address these identified gaps by developing and evaluating a prototype mobile application that integrates both AR and OCR technologies to scan nutritional information on food packaging and visually flags high, low, or medium nutrition levels. Unlike existing tools, it aims to uniquely combine AR and OCR to deliver a real-time, visually simplified interpretation of nutrition labels directly onto the product. The overarching aim is to enhance users' understanding of nutritional content and encourage more informed dietary choices, with a particular emphasis on individuals affected by diet-sensitive health conditions. 
This research does not seek to develop new technology but rather aims to explore the existing relationship between mobile health applications and consumer habits using OCR and AR systems. To achieve this, the study is guided by the following objectives:

Objective 1 – Literature and Technology Review:
To critically analyse existing mobile health applications and research on OCR, AR, and nutrition scanning, focusing on their limitations, effectiveness, and technological foundations, as well as to review current research on general consumer behaviour and purchasing habits.

Objective 2 – Technical Evaluation of AR and OCR
To investigate the performance of modern AR and OCR frameworks under real-world constraints, assessing their suitability for accurate nutritional label capture.

Objective 3 – Prototype Development:
To design and develop a functional mobile application utilising OCR to extract nutritional content data, with the application overlaying simplified traffic-light colour indicators to communicate the quantities of the gathered information.

Objective 4 – Usability and Impact Testing:
To conduct user testing with both general and diet-affected users to evaluate usability, comprehension, and influence on nutritional label interpretation.

Objective 5 – Behavioural and Feedback Analysis
Analyse survey data to assess perceived usefulness, behavioural impact, and influence on purchasing decisions.
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Despite growing interest in mobile health applications, there is a significant lack of AR-OCR integration for real-time nutrition support research, particularly for extracting and visually overlaying nutrition data from packaging. While studies have shown AR’s ability to increase engagement and comprehension in both health and education contexts, it has not been widely applied to interpreting food labels in everyday settings, such as grocery shopping or meal preparation, leaving a technological gap in how dietary health information is delivered in decision-making scenarios.

In 2024 alone, mHealth apps were downloaded over 388 million times [8], showing the rising global demand for digital health applications. However, while several nutrition-focused mobile apps exist, such as MyFitnessPal and Yuka, they primarily rely on barcode scanning or manual data entry. This approach can be time-consuming, difficult to navigate, or inaccessible to users, especially if they struggle with health or technology literacy or have disabilities.

This gap matters because diet plays a key role in assisting with chronic health conditions such as diabetes, obesity, or heart disease. These conditions are closely related to excessive intake of salt, sugar, and saturated fat. Individuals managing these health conditions need to make quick, informed decisions. Yet, people often find current food packaging challenging to interpret, with 36% of British consumers struggling to interpret nutrition information on packaging [9], a difficulty that is particularly pronounced for those with low nutritional knowledge or language barriers. Even though the UK’s traffic light labelling system works in theory, many can overlook it or find it missing on packaging because it remains optional and lacks standardisation.

A clear need exists for a system that provides immediate, accessible, and universally interpretable nutritional guidance. To address this gap, this study explores the intersection of nutrition, AR-OCR technology, and health accessibility. It directly tackles modern public health challenges by examining whether emerging technologies can enhance nutritional understanding in real-world contexts, support healthier food purchasing habits, and provide an inclusive interface design for those at risk of dietary health issues.
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In this study, various theories and technologies will be drawn upon, focusing on crossovers of health literacy, behavioural science, and mobile development. The goal is to explore how emerging technologies, such as Augmented Reality and Optical Character Recognition, can support public health interventions that aim to enhance nutritional decision-making.

[bookmark: _Toc220263620]4.1 Health Literacy and Nutrition Labelling
Previous combinations of AR and OCR in mobile health applications have shown strong potential to bring real change to individuals' lives. This section will critically review the existing literature on these technologies within health, education, and nutrition contexts. It will particularly highlight the methodologies used, their findings, and limitations, and also evaluate the use of visual communication methods, such as the traffic light labelling system, and consider their roles in promoting healthier dietary choices.

In the UK, nutritional contents is shown in a nutrition table on the back of packaging and is guided by the traffic light system, a colour-coded system that follows the colours of a UK traffic light, printed on the front which signals the levels of Energy (kJ and kcal), Fat, Saturated fat, Sugars (total sugars) and Salt using intuitive colours: red (high), amber (medium), and green (low). This information is being written per 100g/100ml, per portion or both [5]. Research from the World Health Organisation and NHS guidelines suggests that such visual cues can significantly enhance consumer understanding, especially among individuals with poor health literacy [10] [11]. Various studies have also found that visual cues strongly influence perception and behaviour; these cues can reduce the need to read nutrition labels, making them ideal for in-the-moment food decisions [12] [13]. One study also found that participants ate up to 50% more of snacks labelled as low-fat than the same snacks without that label, which they concluded was due to the ‘health halo effect’. The health halo effect occurs when a single positive attribute of a food, such as being “low-fat”, leads consumers to perceive it as healthier overall. These same participants also underestimated calorie content by 20-25% when the food was labelled low-fat, although the actual calorie reduction was often not substantial [14]. This effect may be particularly pronounced among individuals who find it challenging to engage critically with standard nutritional labels. For many, interpreting food nutritional contents can be cognitively stressful or confusing, particularly for individuals with lower literacy skills or visual impairments [13]. Therefore, by making visual nutritional cues more accurate and informative, rather than broad terms such as 'low-fat', there is real potential to improve consumers' dietary choices.
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To address the complexities of interpreting traditional food labelling, technologies such as Augmented Reality offer a promising solution. AR has garnered significant attention over the years, particularly in healthcare and education, due to its ability to create immersive, visual, and interactive experiences, which can more effectively help retain information when presented through clear and engaging, multifaceted visualisations, particularly on mobile devices that support real-time use, capturing users’ attention and enhancing comprehension. A notable study from 2021 previously utilised AR to educate users about human cardiac anatomy. Users could interact with the model by rotating it, selecting individual chambers, and accessing descriptive audiovisual explanations of each part’s functions. These interactive elements not only engaged users more but also deepened their learning by integrating real-time audio, video links, and animated simulations of blood flow. The application was developed using Unity and the Vuforia SDK aiming to improve user retention and prevent them from ignoring traditional health teaching by transforming it into a more intuitive, engaging format [15]. 

Building on this, another study from 2023 introduced an AR-based mobile application paired with OCR technology to recognise drug names in a real-world context and deliver interactive 3D visualisations of the medicines. The system would use a smartphone's camera, along with OCR and Natural Language Processing, to extract text from medicine labels and match it to a predefined drug database. When the application recognised a medicine, it would display a 3D model of the drug in the user's environment using ARCore, allowing the users to visualise not only the medication itself but also receive contextual information such as category and purpose. [16]

Both of these studies highlight the capability of AR to support interactive, real-time engagement in health-related contexts. By allowing users to point their device at a medicine and receive instant feedback, the application offers an alternative to the text-heavy labelling, potentially making it easier to interpret. This approach could be particularly helpful for individuals with low health awareness, visual impairments, or language barriers, as the AR interface provides an inclusive form of visual learning.
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While AR supports interactive visual learning, it often relies on other technologies, such as Optical Character Recognition, to extract and interpret real-world data. OCR converts printed or handwritten text into machine-readable data. Earlier OCR systems relied heavily on rule-based logic, but current approaches use machine learning algorithms, particularly deep learning, to handle diverse fonts, lighting conditions and cluttered backgrounds. A 2019 study showed the practical effectiveness of OCR integrated within a mobile application for performing keyword searches in real-world, diverse, and cluttered scenes. This application used mainstream APIs, such as Azure OCR and Google’s ML Kit, for robust text detection. After processing the image, they would use a keyword matching algorithm based on a modified Levenshtein distance metric, comparing detected words with the user’s search term to improve accuracy and reduce minor keyword variations. [17]

Their findings highlighted the capability and accuracy of detecting text in real time, as well as the challenges posed by various visual conditions. Varying lighting conditions, cluttered backgrounds, and different font styles did not limit OCR performance, but they did face challenges in dynamic, uncontrolled settings, such as text orientation, low contrast, partial occlusion, and motion blur, degrading the OCR accuracy and limiting the reliability of the extracted information. Additionally, the computational demands of real-time OCR processing can impact responsiveness on resource-constrained devices [17]. 

All of these challenges should be carefully addressed when working with OCR in the dietary domain, showing the importance of optimising OCR algorithms in order to minimise the risk of errors. Although their study focuses on general text extraction, the technology shows promise for OCR paired with mobile applications and could be applicable to nutrition assistance. 

More recently, Parkavi et al. (2023) applied mobile OCR to the context of nutrition and food safety. In their study, they created an Android-based application that uses Firebase OCR to extract text from packaged food labels in photos taken by the user. The recognised text would then be analysed and compared against a predefined allergen database of Indian-based food items to alert users to potential dietary risks. Their OCR achieved approximately 91% accuracy, with occasional misreadings such as missing hyphens or apostrophes, while allergen detection accuracy was around 99% but limited by their database coverage. This study demonstrated the possibility of using OCR to support safer food consumption but also showed the challenges inherent in food label recognition, including reduced accuracy under low lighting, at oblique angles, and in blurry images, as well as showing the need to retake the photo for clearer capture. Despite these issues, their system provided a fast, efficient, and user-friendly method for allergen detection, offered an alternative to manual reading or barcode-based methods, and demonstrated the potential for mobile OCR to support nutrition and health interventions. [18]
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However, the design and development of a functional app is only part of the challenge, ensuring that users adopt and change their behaviour requires more psychological insight. In this section, behavioural change is studied under various psychological models, providing a lens for understanding user engagement. 

Firstly, the Technology Acceptance Model (TAM) suggests that perceived usefulness and ease of use can predict a user’s intention to adopt new technologies. In the context of this study, TAM helps explain why an OCR mobile application for interpreting food packaging might get adopted by users. If users perceive the app as making it easier and more intuitive to read nutritional information, they are more likely to adopt it consistently in the real world. By designing features that directly enhance these perceptions, the application aligns with TAM’s predictive model, increasing user adoption, especially among those with lower digital or health literacy. [19]

The Theory of Planned Behaviour (TPB) is another psychological model relevant to this study as it proposes that intention, shaped by attitudes, subjective norms and perceived behavioural control, can predict behaviour. This theory was first introduced as an extension of the Theory of Reasoned Action to better understand situations in which individuals do not have full control over their behaviour, and is widely used in health psychology, particularly for research on technology adoption [20]. These theories are both important to the development of the mobile application, as its purpose is to simplify and visualise complex nutritional data in order to influence users’ beliefs about food and bring more positive consumer habits.
In this study, attitudes could refer to the user’s motivation to eat healthier or reduce their intake of specific nutrients, such as salt. The app’s colour-coded guidance (red, yellow, and green indicators) can carry inherent social influence due to the cues being drawn from established public health standards, serving as a subjective norm in this context. Then perceived behavioural control can refer to the ease of use stemming from the tool's mobility and accessibility, which builds the user's confidence in making healthier choices at any moment, supported by the app's clear presentation of nutrient content. By presenting nutritional information in a clearer, more understandable manner, the app is designed to increase the likelihood that users will make better dietary decisions.

Another model worth considering is the Fogg Behaviour Model. This is a psychological framework designed to explain how human behaviour is influenced and triggered, particularly when paired with technology. This theory suggests that three elements must be present simultaneously to bring about a behavioural change. This is motivation, ability and prompt. In the applications context, users may desire to be healthier, using it as their motivation. Then, the app should simplify complexity, enhancing their ability to quickly and correctly interpret food labels by providing a clear visual cue in real time.  Lastly, a colour-coded traffic light system could prompt users to purchase or not purchase the product, serving as a prompt and behavioural nudge in a healthier direction. [21]

Another useful perspective is the Technology Affordance Theory, which focuses not on user perceptions but on what the technology enables users to do in practice. Meaning it examines the action possibilities a technology can offer a user, highlighting how its design features can shape behaviour. One study applied this theory to various mobile health applications and found that affordances such as interactivity, visibility, portability and guidance positively influenced user’s ability to make safer food choices. Features like real-time scanning, visual risk alerts and simplified summaries enabled users to interpret and avoid unsafe or unhealthy items with greater confidence, assisting in decision making. These affordances allowed users to act on health information more effectively than with static labels or passive apps. [22]

Collectively, these models will provide a strong foundation for understanding how a OCR mobile application tool may influence users’ diet-related behaviour, and thereby improve their understanding of nutritional intake and guiding them to make more informed purchases in a clear, accessible manner.
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Although behavioural models, such as Fogg’s, highlight the need for clarity, simplicity, and effective prompts, many existing mobile health applications fall short of delivering accessible, immediate, and intuitive feedback for users. Popular mobile health applications, such as MyFitnessPal, Yuka, and FoodSwitch, have become widely used tools for tracking food intake and assessing the healthiness of products. These apps typically rely on barcode scanning or user-inputted data to provide insight into a product’s nutritional contents. However, they often lack real-time text recognition or AR visual overlays, instead relying on stored product information in a database and presented through static tables, which limits their immediacy and accessibility in real-world environments such as grocery shopping. Furthermore, studies have found that existing mHealth apps frequently overlook inclusive design for users with disabilities. For example, a recent accessibility-focused study highlighted usability gaps in mHealth applications for individuals with disabilities, particularly in weight management and nutrition tracking apps. The study developed a systematic, replicable protocol for evaluating app accessibility and usability among individuals with visual, dexterity, and cognitive impairments. Through a mixed-methods analysis of three top-rated mHealth apps, the researchers found that users with visual impairments faced the most significant challenges, followed by those with dexterity impairments, while users with cognitive impairments reported greater tolerance despite still experiencing a few issues. [23]
The main issues they found in this study were insufficient screen reader support, unlabelled buttons, poor contrast, inaccessible data entry fields, and a lack of alternative input methods. These limitations not only reduce an app’s effectiveness but also introduce a risk of widening health disparities by discouraging use for users with disabilities. To combat these issues, the authors have proposed design improvements aligned with established accessibility standards, such as integrating alternative text, providing consistent navigation cues, utilising high-contrast interfaces, and offering multimodal input options. [23]

People with intellectual disabilities or borderline intellectual functioning are at a greater risk of poor diet quality and related health issues. Gast et al. (2021) found that individuals with mild intellectual disabilities had significantly poorer diet quality and higher BMI than adults without intellectual disabilities [24]. These findings highlight the importance of cognitively accessible digital nutrition tools, as difficulties in understanding nutritional information and dietary guidance may contribute to poorer diet quality and associated health disparities for these individuals. 

Another issue with existing applications, such as Yuka, is that their scoring systems for evaluating product healthiness rely heavily on a pre-existing product database. While this allows users to make quick assessments of items stored in the database, it introduces limitations in real-time adaptability, especially when packaging or product formulas change and have not yet been updated in the app’s database. As the database may also not include every item a user could encounter, it could lead to uncertainties regarding nutritional contents for certain products. This static approach lacks the ability to provide quick and dynamic contextual visual feedback as users must interpret the health information separately from the physical product rather than have it overlaid directly on the item in real time through a means like AR. The lack of in-the-moment interactive cues and potential gaps in its product database can reduce its effectiveness in aiding consumers, decreasing its potential for shaping long-term behavioural change. [25]

One study developed and evaluated the accessibility of the Jooay mobile application, designed to increase access to leisure programs for children with disabilities through using a participatory action research approach. The researchers found that while the app incorporated accessibility considerations well, challenges persisted in maintaining long-term engagement and ensuring equitable access. These findings suggest that although accessible design is essential, it is not sufficient on its own to guarantee sustained use, highlighting the importance of user-centred design principles and features that support ongoing engagement. [26]

In summary, it is crucial to consider accessibility in the development of mobile health applications. Research demonstrates that people with visual or dexterity impairments frequently encounter barriers when using health apps, particularly in apps that rely on visual content or complex navigation. Although mHealth apps continue to gain popularity, their accessibility can be inconsistent. Integrating AR and OCR technologies can mitigate some of these issues by enhancing readability, reducing the number of interaction steps, and providing visual overlays that improve clarity. 

To conclude, this literature review highlights a significant opportunity: while existing nutritional apps offer valuable health information, they often lack the immediate, visually clear and accessible design needed to bring behavioural change for all members of the general public for real-time decision-making. By integrating AR and OCR with established behavioural models such as TAM, TPB and the Fogg Behavioural Model, this project aims to develop a mobile application that not only informs but potentially influence users’ dietary choices. Furthermore, by addressing the accessibility gaps in current mHealth apps, the proposed solution should consider inclusivity for users with impairments, reducing health disparities, especially for individuals with specific health needs or accessibility requirements. These collective insights will directly inform the design and evaluation criteria of the prototype developed in this study.
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This section will outline the research methodology used to explore how consumers can improve their interpretation of nutritional information using a mobile application. The study adopted and applied a user-centred approach in which a functional prototype of a mobile application was developed specifically for this research purpose. The prototype was designed to interpret the nutritional contents of food products by highlighting the values in back-of-pack nutritional tables, aligning with the FSA’s traffic light system.
Once the prototype was completed, participants were invited to use the application to scan real food products and then complete a survey. The survey was designed to collect data on users’ experiences, including the clarity and readability of the nutritional information, the perceived accuracy of the app’s classifications, the accessibility and usability of the interface, and whether the app assisted with their awareness of a product's nutritional contents or influenced their purchasing decisions. Ethical considerations were addressed by ensuring that all participant data was collected anonymously and by informing participants that their involvement was voluntary and that they could withdraw at any time without any issues. Combining real-world app use and a post-use reflection survey will provide the study with insights into the prototype’s usability and its potential to influence consumer behaviour.

[bookmark: _Toc220263627]5.2 Design
The study was designed to explore how consumers may better understand nutritional information when supported by an easy-to-use digital tool. The primary design decisions for both the app and the survey were guided by the need to capture three key areas:

Usability and accessibility – The application was designed to be easy to navigate, readable, and accessible for users with varying abilities, with accessibility as a core focus, as highlighted in the literature review. This involved careful consideration of font size, spacing, colour contrast, and intuitive interface choices. Colours were primarily used to communicate nutritional information but never as the only indicator, so users with visual impairments would not be excluded. The font, spacing, colours, and text all follow the Level A WCAG 2.2 guidelines. The front-of-package traffic light food labels served as the primary reference for this design. The app was kept as simple and quick to use as possible, supporting users whilst shopping or on the go. To ensure access for all, a lightweight, responsive build was intentionally implemented, compatible across both new and older Android devices.

Comprehension and understanding – The study aimed to understand whether the app helped users interpret nutritional information more effectively. Survey questions were designed to assess whether participants could more accurately identify nutrient levels and whether the visual presentation assisted their comprehension. As highlighted in the literature review, the health halo effect can make consumers focus on marketing claims while overlooking the true contents of products, the app was specifically designed to reveal these hidden nutritional truths and help users make more informed decisions. The use of AR, as discussed in the literature review, was chosen because it is an engaging and effective way to simply communicate complex information visually. OCR technology was incorporated to extract nutrition information directly from nutrient tables, providing a quick, reliable, and familiar way to capture the data in a clear, non-confusing manner.

Potential behavioural impact – The study sought to explore whether the app could influence participants' perceptions of product healthiness and their purchasing decisions. This was measured by asking participants about their prior habits, their experience using the app, and any changes in awareness or intention to reconsider certain products after using the app.

These three areas guided both the app development's structure and approach as well as the survey's content. This ensures that the study can fully evaluate not only the functional usability of the prototype but also its potential to impact consumer understanding and behaviour. It is important to acknowledge that the guidance provided by the prototype is based on the FSA’s traffic light system, which classifies nutrient levels per 100 grams of a given product. This means that the app’s classification reflects nutrient density per a standardised quantity rather than the user’s exact intake. Therefore, the guidance given by the app is intended to help users identify products that are high or low in certain nutrients, but users should always consider their own portion sizes relative to the recommended serving sizes. More technical details on the application design will be shared in the implementation section.

[bookmark: _Toc220263628]5.3 Participants
The only restriction for the study was that participants had to be adults aged 18 and above, primarily based in the United Kingdom, who use an Android Device. Limiting the sample to UK residents was necessary because the nutritional tables on the back of food packaging, which the application relies on, follow a UK-standardised format that may vary across countries. Additionally, due to the chosen implementation method and limited platform compatibility, the application could be installed and executed only on Android devices, thereby excluding iOS and other mobile platforms.

No further restrictions were applied, as the application was intended to be accessible and useful to a broad audience, regardless of background, dietary knowledge, or health conditions. However, specific survey questions were included to capture the perspectives of users who do carry dietary restrictions or have accessibility needs. This allowed the study to closely evaluate whether the interface, font size, spacing, colour contrast and visual indicators were effective and inclusive for all users. Collecting this data helped inform whether the application could support users with particular dietary or accessibility concerns in interpreting nutritional information. By keeping the survey broadly open, a larger, more diverse sample could be captured, enabling the study to evaluate both usability and potential behavioural impact across a wider range of participants.

[bookmark: _Toc220263629]5.4 Data Collection
Data was collected through an anonymous digital survey administered after participants had used the mobile application to scan food products. Users would receive a download link to the APK file and a link to the survey. When using the application, they were restricted to capturing only 10 product scans, as it was believed this would be enough to capture the full experience and understand the prototype's concept.

The survey was anonymous to ensure participants could provide honest feedback without feeling pressured or judged, particularly regarding their personal dietary habits or prior experience with nutritional labels. This approach would encourage natural interaction with the app and honest answers to the survey, allowing participants to use it as they would in real-world scenarios.

A snowball sampling technique was employed to recruit participants, enabling the study to reach a broader audience efficiently. This method would use the initial participants and encourage them to share the study with others, increasing the sample through participant referral. This approach was chosen because it is well-suited to exploratory research on technology adoption, where including users with varied experiences can provide rich qualitative insights. Snowball sampling is commonly used in survey-based research to enhance participation through social networks, particularly for where traditional recruitment methods may limit engagement. [27]
Previous research evaluating mHealth applications commonly use a mixed-methods approach, which includes combining standardised usability questionnaires with limited observational or interview-based techniques. This approach is widely chosen because questionnaires allow for key usability attributes, such as ease of use, engagement, and user satisfaction, to be measured consistently and comparably across users. In contrast, qualitative methods are typically used to add to these findings by providing contextual insight into how users interact with the application. For example, a systematic review of 68 studies published between 2014 and 2024 found that usability evaluations of self-care mHealth apps most frequently relied on standardised questionnaires, often supported by observational methods, to capture usability issues and accommodate users with varying levels of digital literacy. These methods combined enable a more comprehensive and user-centred evaluation of mHealth usability. [28]

[bookmark: _Toc220263630]6 Implementation
This chapter will explain the development of the prototype mobile application created for the study. It covers the exploratory work undertaken to identify an appropriate OCR library, the iterative stages of prototyping, major technical decisions made and the final implementation. Development followed the Mobile Application Development Life Cycle (MADLC), which consists of the following phases: requirements gathering, design, development, testing, and maintenance [29]. This framework is widely adopted in both academic and industry settings, providing an orderly approach to ensure quality and reliability in mobile application projects. Each stage involved iterative decision making shaped by technical feasibility, user-centred accessible design principles and the constraints of real-world usage. This section will cover each stage of the development lifecycle, highlighting the decisions made during.
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[bookmark: _Toc220260796]Figure 1 - Mobile Application Development Lifecycle Model (MADLC). Reproduced from Raus et al., 2016 [30].


[bookmark: _Toc220263631]6.1 Exploration & Requirements Gathering
Before the application could begin, extensive research and requirements gathering were undertaken to determine how the application could reliably capture, interpret, and present nutritional values from back-of-packaging tables. This included evaluating current OCR libraries for text recognition, selecting a camera framework compatible with modern Android hardware, identifying appropriate and reliable traffic-light thresholds, and establishing a programming environment capable of supporting the development of this system. These decisions laid the foundation for the prototype, ensuring that it would meet the study’s goals of speed, accuracy and accessibility.

The first major component investigated for this project was selecting an OCR library to serve as the backbone of the application. Google’s ML Kit for text recognition was considered first due to its on-device processing, its established use in real-time text detection applications, and its ease of integration into Android environments. Investigation into Google’s ML Kit was inspired by the work of Pundlik et al. (2020), who demonstrated the practical potential of mobile OCR for performing keyword searches in real-world scenes using mainstream APIs such as Google’s ML Kit [17]. However, a recent evaluation highlights one key issue, Gonçalves (2021) tested ML Kit against a challenging Total-Text dataset and found that the tool achieved word-level precision of only about 33.7% on curved and multi-oriented text, substantially trailing behind other state-of-the-art algorithms [31]. Nonetheless, ML Kit was selected because it is fast, easy to implement, multi-platform compatible, and delivers good performance in standard mobile use cases. Its performance is strongest on horizontal and frontal text, which aligns with the majority of food packaging and nutrition tables encountered in UK supermarkets [31]. The ability to operate fully offline was also a key consideration, ensuring the application remains functional in environments with limited or no internet connection. These factors made ML Kit a practical choice for the prototype, despite its limitations on challenging datasets. Google’s ARCore was also considered to create the AR interface and capture the spatial coordinates for detected text boxes. As the ML Kit for text recognition was considered for the OCR, ARCore presented a logical fit due to its compatibility, providing potential to map nutritional information directly on the camera view for an AR experience.

Another OCR library investigated during this phase was OpenAI’s Vision API (GPT-4V). This was considered due to its strong text-recognition capabilities and potential flexibility for complex image processing. A 2023 study reported that GPT-4V achieves a high accuracy in Latin scene text recognition, with word-level accuracy ranging from 62% to 88% across datasets, making it suitable for reading structured content such as nutritional tables. One drawback of this API, however, was its requirement for an active internet connection, limiting real-time usability in mobile environments, and its potential latency in processing, which could slow down the user’s experience. [32]

Following the decision to adopt ML Kit for text recognition, Android’s CameraX library was selected to provide the camera preview and image capturing. CameraX is a reputable library that was chosen for its ease of integration with ML Kit and support for a wide range of Android hardware. [33]

As well as the technical components, nutritional classification thresholds were also investigated and defined. Thresholds for high, medium and low levels of fat, saturated fat, sugar and salt were sourced from the Food Standard Agency [3] as they provide the sources behind the original front of packaging traffic light system, providing a strong and reliable reference point. These thresholds are what the application will be using to compare the interpreted quantities of nutrients. Using these standards meant that any colour-coded outputs generated by the application aligned with familiar public health guidance and reflected current regulated standards.

Android Studio and Kotlin were chosen as the development language and environment for the application. Kotlin was selected due to its current status as the recommended language for modern Android development, with Google advocating a Kotlin first approach in its official documentation, as well as it being used by over 60% of professional Android developers [34] [35]. Google’s Android documentation states that Kotlin can seamlessly integrate with existing Java-based Android APIs and has strong interoperability with libraries such as Google’s ML Kit and CameraX, making it appealing for this project [36]. 

[bookmark: _Toc220263632]6.2 Application Design
The design phase primarily focused on achieving the 3 key goals outlined in the design section, this being an app that is usable and accessible, simple to comprehend, and potentially impactful for users’ behaviours towards improving their interpretation of nutritional information in real-world contexts. The initial concept explored real-time AR overlays to display nutrient information on product packaging due to its ability to provide an engaging and visually intuitive experience that enables users to instantly interpret nutritional information. However, due to technical issues faced during development, such as unreliable text coordinate detection, accurately overlaying highlights on the live camera feed proved difficult in the project’s time frame. As a result, the AR overlay concept evolved into a static results card displayed over the camera preview, providing a stable, readable way of presenting nutritional information while also continuing to display the live camera feed to capture the feeling of engagement that the original AR plan aimed to return.

Accessibility remained a key priority throughout the interface design. Font size, spacing, and contrast were carefully planned to, at minimum, follow the Level A WCAG 2.2 guidelines, with approaches taken to reach Level AA where possible, ensuring that the application's content remains readable for users with varying visual abilities. While fully achieving Level AA could further enhance accessibility for a broader range of users, it was not deemed strictly necessary for this prototype as the primary goal was to demonstrate the app’s core functionality within the project’s time frame. Colour was used as a primary method for conveying nutrient quantities based on the FSA traffic-light system, but it was not relied on exclusively. Text labels were included to state the classification colour and quantity, allowing all users to interpret the information accurately without relying solely on colour. The interface also incorporates text labels, icons, shapes, or patterns to convey meaning, making it more accessible for users with visual impairments or cognitive challenges. By integrating visual cues such as colours alongside minimal text, the interface remains interpretable regardless of a user’s spoken language, promoting cross-cultural and multilingual accessibility [37]. Universal design principles, such as equitable use, flexibility in use and simplistic and intuitive functionality, were applied following the guidelines outlined by Story, Mueller and Mac (1988) [38] to ensure usability for those with low vision, dyslexia, or cognitive difficulties [39]. 

Interaction elements, such as the capture image button, were custom designed to be recognisable and understandable to users. The button’s design and placement adhered to established mobile accessibility and usability principles, including adequate colour contrast, appropriately sized touch targets, clearly perceivable user interface components, and consistent placement within the interface, ensuring users could operate the application with minimal confusion [40]

These design choices were essential to the prototype's success in balancing clarity, usability, and inclusivity while still delivering on the study’s goals of a fast and accessible nutrition interpretation mobile application. Before development began, a series of mock-ups were created to visualise the intended interface and workflow of the application. These mock-ups aided decision-making on layout, font sizes, colour use, and the placement of interactive elements such as the capture button. By planning the interface in advance, fewer design decisions would need to be made during development, tackling usability challenges and ensuring accessibility standards were met. Figure 2 demonstrates the original AR focused interface design.
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[bookmark: _Toc220260797]Figure 2 - Original User Interface Design
Figures 3 and 4 demonstrate the redesign of the application flow when the dynamic AR interface was dropped in favour of a static results table. Showing the capture button placement and the results table design.
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[bookmark: _Toc220260798]Figure 3 - Second design approach to the UI showing the capture button
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[bookmark: _Toc220260799]Figure 4 - Second design approach to the UI showing the results table


[bookmark: _Toc220263633]6.3 Development
With the design phase complete and the user interface concepts established, the development phase began, focusing on achieving the mobile application's core functionality. This would involve implementing a user interface aligned with the design goals, integrating and connecting the underlying OCR technology, and developing a method for processing nutritional information, while iteratively refining the app based on performance and constraints identified during development. The following sections will detail the development of the prototype application, covering the full implementation from initial strategies through to delivery of the final product, whilst highlighting the issues faced and the tactical resolutions.

[bookmark: _Toc220263634]6.3.1 Initial Implementation
The first stage of development was the creation of a live camera preview, which acted as the primary user interface and for capturing images of food packaging for the OCR to extract text from. CameraX was selected as the camera framework for its compatibility with Google’s ML Kit and support for modern hardware. Once CameraX was implemented, the ML Kit was implemented. This was chosen as the initial OCR library due to its ability for text recognition, support for offline processing, and effectiveness on modern Android hardware.

The integration of ML Kit with CameraX worked successfully for basic text extraction, but during testing, several issues were encountered. Letters and numbers would occasionally get misinterpreted, such as mixing up “g” with a “9”, and the separate lines in the nutritional tables would get joined incorrectly. This made it difficult for initial attempts at identifying nutrient names and their corresponding values, particularly because a regular expression pattern was attempted to identify nutrient quantities based on whether the number was followed by a “g” for grams. Alternative strategies were used to further understand the issue. Simple static images were used, converted to bitmaps, and processed separately, enabling testing on static images, rather than inconsistent real-time captures. However, the ML Kit still occasionally would misread characters in ways that would be critical for the nutritional classification analysis.


[bookmark: _Toc220263635]6.3.2 Transition to OpenAI Vision
Due to the ML Kit's inconsistent accuracy, alternative OCR solutions were investigated. OpenAI’s Vision API has reported higher accuracy in detecting text and in processing more complex table layouts. This API would, however, require adjustments, such as requiring images to be encoded in base64 in requests, including a prompt, and returning results in JSON format. It also requires an internet connection, which increases processing time.
The extraction of possible box coordinates of the scanned nutritional texts from the image was also explored as part of testing the API’s capabilities. Attempts to do this by adapting the prompt yielded inconsistent results, so this approach was abandoned, and a static results table was implemented above the live camera feed, switching from the original design's use of an AR highlighter and dropping ARCore due to time constraints. This change, however, did bring a few benefits, providing the user with a clearer and more accessible presentation of the extracted information whilst still maintaining a visual connection to the product. This made it easier for users to read the classifications, as they no longer needed to keep their phone on top of the nutritional contents table.
To construct the user interface, Jetpack Compose was chosen. Compose allows for native integration with CameraX and provides a streamlined approach to creating dynamic components. The results card was implemented using Material3 components, supported by the project’s custom theme, font styles and colour values. The app uses the standard Material3 typography scale with the default system font which aligns with WCAG recommendations for legibility and text scaling, while colour selections ensured sufficient contrast between text and background elements. Nutrient classifications utilised the application’s red, amber, and green colour scheme, however, clear text labels were also included to comply with accessibility guidelines and to avoid reliance on colour alone.



[bookmark: _Toc220263636]6.3.3 Nutrient extraction logic
Once the OCR results were received from the OpenAI Vision API, the JSON-formatted results were converted to a string array and processed by the ‘TrafficLightProcessor’. Within this processor, each line of text is examined to locate occurrences of predefined nutrient keywords, including “fat”, “saturates”, “sugar” and “salt”, and to identify nutrient values and assign them to traffic-light classifications based on the FSA thresholds. Regular expressions were used to identify nutrient names and extract the first numeric value following each keyword, ensuring the correct numeric value was captured by checking for a unit indicator, such as “g” or “ml”.
Initial attempts focused on identifying the per 100g column in the nutritional table to ensure only per 100 g values were extracted. However, this approach proved unnecessarily complex and was refined to simply extract the first value following the keyword. This method was effective because the UK nutritional tables consistently list the per 100g values in the first column after the nutrients name column, making the extraction logic simple and robust.
The extracted nutrient values would then be compared with their corresponding FSA threshold ranges, resulting in a classification of red, amber, or green. The classifications then get returned to the user interface, where they get displayed by colouring the table rows and printed alongside the nutrient names and values in the results card.
During initial testing with static images, the system performed accurately and reliably, so the live camera preview was then reintegrated. Originally, images from the live camera feed would be automatically captured and sent to the API every 3 seconds, mimicking real-time interpretation to align with the real-time AR inspired interface concept, but this was later replaced with a manual capture button to reduce unnecessary API calls and improve user control.

[bookmark: _Toc220263637]6.3.4 Performance Optimisation
To ensure a responsive and efficient user experience, several performance optimisation approaches were adopted during the development of the prototype application. One consideration was to prevent heavy operations, such as the API calls and text processing, from blocking the user interface. All of the requests to the OpenAI Vision API and subsequent processing in the TrafficLightProcessor were performed asynchronously using Kotlin coroutines. This allows the user interface to continue displaying without interruption while the OCR processing runs in the background. During this time, a circular progress indicator is displayed to inform the user that the scan is being processed. Once results are received and processed, the results card is then displayed.
The use of Jetpack Compose and Material3 components allowed the application to update the results card efficiently without unnecessary redraws, ensuring a responsive user interface as nutrient classifications change.
Additionally the CameraX captured images are appropriately rotated to account for differences in orientation, ensuring consistent OCR results regardless of device orientation to improve text recognition performance. Lastly, the number of scans available per user was intentionally limited to 10 scans per installation. This decision was made primarily to reduce the API costs during user trialling.


[bookmark: _Toc220263638]6.4 Testing and Evaluation
Once implementation was complete, the prototype was tested to evaluate technical performance, interaction handling, and feasibility under real-world conditions. This section outlines the testing procedures undertaken, the technical issues encountered, and the subsequent adjustments made based on the findings.
Methodological reviews of mobile health application evaluations recommend usability testing as a necessary step to ensure that an application functions correctly and meets user needs before conducting behavioural or effectiveness evaluations [41]. Prior to user testing, it was therefore essential to assess the mobile application for functional reliability, performance, and usability. To achieve this, a combination of exploratory testing and functional testing was conducted. For mobile applications that rely on real-time OCR, self-testing is particularly important for identifying environmental factors such as lighting conditions, which can significantly impact real-time OCR performance. However, while self-testing allows for identification of obvious functional issues, it is difficult to fully anticipate the diversity of real-world user behaviour, so findings must be interpreted with this limitation in mind.
For a functional test to be considered successful, each feature was required to pass all relevant test cases and produce the expected outcome. Figure 5 summarises the functional tests performed during this phase of evaluation. The testing process also provided good insight into system performance, particularly regarding responsiveness, in varying use cases. Overall, the application performed reliably across core features, including camera initialisation, image capture, OCR processing, threshold classification, and result presentation. Testing also provided understanding into system responsiveness regarding API response times, while latency varied depending on network conditions, the system consistently returned extracted nutritional data.

	Test ID
	Feature Tested
	Test Description
	Expected Outcome
	Result

	FT-01
	Camera Initialisation
	Launch application and open main screen
	Live camera preview loads without errors
	Pass

	FT-02
	Capture Button
	Press capture button while camera is active
	Image is captured and processed
	Pass

	FT-03
	OCR processing
	Capture image containing nutritional table
	Text is extracted and displayed in results table
	Pass

	FT-04
	Threshold Classification
	Apply traffic-light thresholds to nutrients
	Correct colour assigned (red/amber/green)
	Pass

	FT-05
	Results Table Population
	Complete scan successfully
	Nutrient values populate correct fields
	Pass

	FT-06
	API Response Handling
	Capture image while connected to network
	OCR results returned and displayed
	Pass

	FT-07
	Loading Feedback
	Trigger scan and observe UI during processing
	Spinner displayed until results returned
	Pass

	FT-08
	Error handling
	Capture image with unclear text
	Application doesn’t crash and provides an empty table
	Pass

	FT-09
	Return to scan
	Closing the results table will return to the live preview and display the capture button again
	When closing the table, the live preview and capture image button display
	Pass


[bookmark: _Toc220260800]Figure 5 - Functional Test Table

Following functional testing, robustness testing was conducted to assess the application’s behaviour under less controlled, more realistic scenarios. These tests focused more on environmental and interaction-related conditions commonly encountered during mobile use, including low lighting, glare, curved packaging, and hand movement.
As shown in Figure 6, the majority of these tests passed successfully, however, the system did struggle to extract text reliably when significant hand movement introduced image blur. This issue aligns with known limitations of mobile OCR systems and is important to have awareness of before user-based testing. It is also important to acknowledge that these results may vary between devices due to differences in camera quality, and performance may vary across different hardware and user handling behaviours, such as the extent of hand motion when using it.
Despite this limitation, the application remained stable during all testing and did not crash or become unresponsive. These findings are valuable for informing both user guidance and future technical improvements, such as enhancing image stabilisation or preprocessing techniques to reduce motion blur.




	Test ID
	Test Condition
	Test Description
	Expected Behaviour
	Results

	RT-01
	Low Lighting
	Capture nutrition label in dark environment
	Application captures OCR result with partial or full results
	Pass

	RT-02
	Glare and reflection
	Capture image with reflective packaging and glare
	Application captures OCR result with partial or full results
	Pass

	RT-03
	Non flat packaging
	Capture nutrition label on a curved surface
	Application captures OCR result with partial or full results
	Pass

	RT-04
	Hand Movement
	Capture image while shaking device
	Application captures OCR result with partial or full results
	Fail

	RT-05
	Small font size
	Capture nutrition label with small text
	Application captures OCR result with partial or full results
	Pass

	RT-06
	Partial label visibility
	Capture image where part of the nutrition table is obscured
	Available data is extracted while the missing values are left blank
	Pass

	RT-07
	Patterned background
	Capture nutrition label with patterned or textured background
	Application captures OCR result with partial or full results
	Pass

	RT-08
	Multiple scan attempts
	Perform repeated scans in succession
	Application remains responsive with no memory or UI issues
	Pass


[bookmark: _Toc220260801]Figure 6 - Robustness testing table

[bookmark: _Toc220263639]6.5 Summary
Several key objectives were hit during the prototype development, shaping the final implementation. Although many challenges arose, such as difficulties with text extraction in the initial OCR library and challenges with capturing text coordinates and time limitations resulting in a move from the initial AR design, ad hoc technical decision-making allowed these constraints to be addressed and resolved, ensuring alignment with the study’s core objectives: delivering a solution that is fast, engaging, accessible, and provides clear nutritional interpretations, directly reflecting the three key design principles outlined in the design section (usability, comprehension and influence).
Specifically, usability was improved by simplifying the interface and shifting to a structured results table, making it easier for users to interpret the results. Accessibility was enhanced through careful attention to colour contrast, clear text labels, and adherence to Level A of the WCAG 2.2 guidelines, ensuring the app’s usability for people with a range of visual and cognitive abilities. Comprehension was supported by presenting extracted nutritional data in a clear and intuitive format, reducing cognitive load and supporting more confident decision-making, potentially providing a tool for behavioural change.
While the original aim was to develop an AR interface, this did not ultimately come to fruition. Nonetheless, the application successfully leveraged OCR to reliably extract nutrient information from nutritional tables off food packaging. Initial choices, such as implementing Google’s ARCore and ML Kit for OCR, were revised due to performance and time limitations, leading to a switch to OpenAI’s Vision API. Similarly, the interface evolved from an AR overlay to a concise, structured results table, providing a more stable, readable presentation of information. Although these changes strayed from the original vision, they ultimately enhanced the usability, accessibility, and clarity of nutrient interpretation in the final prototype.
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[bookmark: _Toc220260802]Figure 7 - Data flow diagram for the prototype application
Figure 7 illustrates the end-to-end processing pipeline of the application. User interaction begins with a live camera preview in the MainScreen class, followed by image capture and encoding handled as part of the OpenAIHelper object before uploading to the Vision OCR API. The returned text data is processed locally in the TrafficLightProcessor to extract nutritional values, apply the classification, and present results using a colour-coded traffic light system within the user interface in the MainScreen class.


[bookmark: _Toc220263640]7 Data Analysis
The following section presents the collected data from the mobile application user trial and survey results, covering them with an objective, descriptive approach. This analysis section will also cover commonly raised technical observations reported by users, as this helps understand the app’s performance in the real world, providing insight into the participants' true experiences and feelings towards the prototype. The following subsections will cover participant demographics and backgrounds, their pre-existing behaviours, app usage and product scanning behaviour, accessibility and user feedback, app performance, and lastly, influence on behaviours.

[bookmark: _Toc220263641]7.1 Participant Demographics and Background
The survey results, as outlined in Figure 8, show that the demographic distribution skewed towards younger adults, with most participants aged 18-24. This pattern could likely be attributed to the recruitment approach, with younger people more likely to share the survey with friends of a similar age. While this method has successfully increased participation, it also introduces a degree of sampling bias that should be considered when interpreting the results.
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[bookmark: _Toc220260803]Figure 8 - Participant age results
Figure 9 shows that participants varied in their familiarity with mHealth applications. Despite the demographic skew towards younger adults, familiarity varied across age groups. This variation provides a useful baseline for understanding how participants approached the prototype regardless of age.
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[bookmark: _Toc220260804]Figure 9 - Participant experience with nutritional or fitness apps

Although the study did not specifically target users with diet-related health conditions, Figure 10 shows that a small number of participants reported having such conditions. These conditions varied but were mainly related to diets with restricted nutritional intake, including high blood pressure, diabetes, and obesity, meaning these users would tend to avoid high-salt or high-sugar foods. The inclusion of these participants helps provide a better understanding of how individuals with specific dietary needs might interact with the app in the real world.
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[bookmark: _Toc220260805]Figure 10 - Results of participant diet-related health conditions



[bookmark: _Toc220263642]7.2 Previous Habits
The results in Figure 11 show that most participants (75%) reported checking nutritional tables or front-of-pack labels when shopping, while a smaller proportion (25%) reported not doing so. This suggests that while label checking is common among this sample, some participants may rely on other cues or lack nutritional understanding when making purchasing decisions.
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[bookmark: _Toc220260806]Figure 11 - Percentage of participants who check nutritional tables or labels when shopping


The graph from Figure 12 shows that most participants found interpreting nutrition information challenging without using the front-of-pack labels. Responses ranged from 1 to 5, but there was a notable concentration in the lower range, with several participants rating their ease at 1 or 2, indicating low confidence in understanding standard nutrition tables. A smaller proportion rated it as 4 or 5, showing that only a few participants felt comfortable interpreting nutritional information without the aid of the front-of-packaging traffic light system. This suggests that, for many, traditional nutrition tables are not immediately intuitive, highlighting the value of simple, easy-to-understand nutritional guides such as traffic light labels or app-based assisted interpretation.
[image: Forms response chart. Question title: Without using the front of packaging labelling, how easy do you find interpreting traditional nutrition information?. Number of responses: 20 responses.] 
[bookmark: _Toc220260807]Figure 12 - Results for how easy participants find interpreting traditional nutrition information (1 = difficult, 5 = easy)

Figure 13 shows that participants' self-reported confidence in assessing a product's healthiness before using the app was generally moderate but varied. Most participants rated themselves around the middle of the 1 to 5 scale, with several putting a 2 or 3, indicating limited confidence in judging healthiness based solely on packaging. A smaller number rated their confidence as 4 or 5, showing that only a minority felt highly confident in their own assessments. This suggests that even users who regularly check labels still experience some uncertainty when evaluating a product's healthiness, which could contribute to the reliance on simplified cues such as the traffic light system or “low fat” or “high protein” claims.

[image: Forms response chart. Question title: Before using the app, how confident were you in your ability to assess how healthy a product would be?. Number of responses: 20 responses.] 
[bookmark: _Toc220260808]Figure 13 - Participant confidence in assessing how healthy a product is prior to app usage (1 = not confident, 5 = very confident)
In the graph of Figure 14, a majority of participants (63%) reported relying on front-of-pack claims such as “low fat” or “high protein” when making food choices. This suggests that these simplified health claims are an influential factor in food selection for many participants, even though they may not fully reflect a product's overall nutritional quality, and participants may overlook the quantities of other ingredients. Participants’ reliance on these claims highlights the potential for misunderstandings about a product's healthiness when interpreting labels without additional context, and the opportunity for clear, honest, and easily interpretable labels to better guide users toward healthier purchasing decisions.

[image: Forms response chart. Question title: Do you rely on claims such as "low fat" or "high protein" when choosing foods?. Number of responses: 19 responses.] 
[bookmark: _Toc220260809]Figure 14 - Result for participant reliance on health claims such as "low fat" or "high protein" (1 = Never, 5 = Always)
Several participants reported encountering products with missing or misleading front-of-pack traffic light system labels. Common issues included small packaging with limited label space, or ambiguous serving sizes, such as “sometimes it's per half can, sometimes per can,” rather than the standard per 100 g/ml found on the nutritional table. Some participants also noted that certain imported snacks and beverages used different colour schemes, other products used deceptive labels such as not being printed in colour, or wording that could be misleading, and a few reported that the labels occasionally omitted some nutrient information entirely. These findings suggest that the front of packaging traffic light systems, while good in theory, can sometimes misrepresent a product's overall healthiness, be unreliable, or be inconsistently presented, potentially confusing consumers and unintentionally or intentionally misinforming their purchasing choices.
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[bookmark: _Toc220260810]Figure 15 - Results showing how many users have come across missing or misleading front of packaging labels


[bookmark: _Toc220263643]7.3 Using the app
Most participants (78%) reported that using the app changed their perspective on the nutritional content of products. Key insights included increased awareness of nutrients such as salt, sugar and saturated fats, and recognition that a single “healthy” claim, for example, low fat, does not necessarily indicate overall healthiness. One participant noted, “I realised that it doesn’t take a lot of salt for what is considered an amount that would make it red/unhealthy”. While a smaller portion (22%) reported no change, they typically attributed it to feeling confident in interpreting nutritional labels or to relying on front-of-packaging information. These findings tell us that the app can effectively enhance users’ understanding of the levels of key nutrients and highlight potentially misleading claims. 
[image: Forms response chart. Question title: Did the app change your perspective on what products are nutritionally healthier? Please explain
(Yes / No ). Number of responses: 18 responses.]
[bookmark: _Toc220260811]Figure 16 - Results for change in participants perception of a healthy product
65% of Participants stated that they scanned products with health-related claims such as “high protein”, “low fat” or “low sugar” as shown in Figure 17, with 75% being accurate as showing in figure 18. Commonly scanned items included protein bars, low-fat yoghurt and beverages such as Pepsi Max. While many products matched their advertised claims, the app revealed additional nutritional information that sometimes contradicted participants' expectations. For example, one participant noted scanning a high-protein product that was also high in fat, while another found that a “low sugar” product contained a significant amount of fat and saturated fat.
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[bookmark: _Toc220260812]Figure 17 - Results for participants who scanned products with a health-related claim
[image: Forms response chart. Question title: Did they match their advertised claim?
(For example, if advertised as low-sugar then did it return as green or low sugar?). Number of responses: 12 responses.] 
[bookmark: _Toc220260813]Figure 18 - The number of products with health-related claims that match their advertised claim
These responses suggest that front-of-packaging claims can shape and override perceptions of a product's healthiness even when other nutrients are present at concerning levels. One participant stated on the health-related product they scanned: “It was incredibly high in saturates in the red, whilst the fat and salt was amber”. Many participants stated that they found at least one product’s claim or labelling to be misleading once scanned as they would be high in other nutrients. Common issues involved products marketed as low-sugar that were still high in other nutrients such as fat or salt. Other participants also reported that high-protein items they assumed would be healthy actually had high fat content, despite being marketed as fitness-attribute food products. A few also noted that the packaging design itself contributed to misleading impressions, such as one participant saying that a “premium farm shop-style” garlic mayonnaise, packaged to look healthier than its red fat and salt ratings showed it to be. In some cases, products matched their front-of-packaging claims, such as being low in sugar, but were still high in other nutrients, meaning the marketing claims could still be technically correct while not accurately reflecting the product's overall nutritional healthiness. Other participants who didn’t scan health-related products stated that they scanned other items, including local bakery bread, vegan custard powder, and various canned goods, and found the app useful for uncovering nutritional information that might otherwise be overlooked. Overall, these responses help demonstrate that certain claims or aesthetics can create expectations that do not always align with a product’s true nutritional values, indicating that by providing clear, comprehensive nutritional feedback can influence users' understanding of a product’s overall healthiness beyond what the packaging designed marketing claims alone convey.

When asked whether users discovered any products to be lower in certain nutrients than expected after using the app, a noticeable proportion (47% as shown in Figure 19) reported finding that some products were lower in various nutrients than they had anticipated. Examples included items typically perceived as unhealthy, such as Coke Zero, certain crisps, and vegan custard powder, which the app found were lower in fat, sugar, or salt than users assumed. For example, one user stated that they had overestimated the sugar and fat content of Coke Zero, and the app helped them identify this misunderstanding. This demonstrated that preexisting ideas, particularly around convenience food, may not always align with their actual nutritional content. This further shows that consumers' assumptions about the nutritional quality of food products cannot always be relied on.

[image: Forms response chart. Question title: Through using the app, did you discover that certain products nutritional contents were healthier than expected? Please could you add any examples (Yes / No). Number of responses: 19 responses.] 

[bookmark: _Toc220260814]Figure 19 – Participants response when asked if they discovered that certain products were healthier than expected

However, the majority of participants (53%) reported that none of the products were healthier than expected in terms of nutrient content as shown in Figure 19. This suggests that while the app surprised some users positively, most either had accurate expectations for a product's contents or were more often disappointed, such as when products contained less healthy nutrient quantities than they had expected. This aligns with the results of the next question, where participants found the products to be unhealthier than expected when using the app.

In Figure 20, a large majority of participants reported that certain products were higher in concerning nutrients than expected after scanning. With 95% stating that at least one product they checked had more unhealthy nutritional content than they had assumed, this is one of the strongest trends found in the survey.

[image: A blue circle with a red triangle and a red circle with a red triangle

AI-generated content may be incorrect.]
[bookmark: _Toc220260815]Figure 20 - Percentage of participants who discovered that some products were less healthy than expected

Participants commonly cited products that would have been perceived as “healthy”. Examples of this included fruit snacks high in sugar, seed mixes and banana chips that were unexpectedly high in both fat and sugar, and products marketed around health-focused attributes such as “0% fat” yoghurt, “low sugar” items, oat bars and high protein snacks also revealed to have high levels of fat, saturates or salt. Participants also found that everyday items such as fresh bakery bread, pasta sauce, garlic mayonnaise, crisps, pizza, and chocolate were rated as less healthy when broken down into nutritional categories.
These findings suggest that users’ intuitions or branding influenced expectation would often not align with the real world nutritional contents that were revealed by the app, reinforcing how everyday consumers may not interpret the contents of a food product, and how easily packaging can market a product healthier at a glance than they are in reality, influencing the consumers purchasing habits based solely on packaging.

[bookmark: _Toc220263644]7.4 Accessibility and Inclusivity
The results shown in Figure 21 demonstrate that participants generally found the on-screen text, including nutritional results and labels, easy to read. 94% reported finding the text easy to read, with the majority rating it 5 (easy). Only one participant rated the text as difficult, giving it a score of 1 (difficult), indicating that the app achieved its accessibility goal of providing clear, understandable text for the majority of users.
[image: Forms response chart. Question title: Did you find the text on screen (e.g., nutrition results, labels) easy to read?. Number of responses: 19 responses.]
[bookmark: _Toc220260816]Figure 21 - Results for if participants found the text on the prototype easy to read (1 = difficult, 5 = easy)
Results in Figure 22 show that participants found the colour contrasts, particularly the red, amber and green traffic light indicators, clear and easy to distinguish. Every participant responded with positive feedback, with almost all selecting 5 out of 5 and only one selecting 4. This once again shows that the app successfully achieved its mission to provide clear, accessible visuals for the colour-based feedback system for all users across the sample.

[image: Forms response chart. Question title: Were the colour contrasts (e.g., red/amber/green traffic lights) clear and easy to distinguish?. Number of responses: 19 responses.]
[bookmark: _Toc220260817]Figure 22 – Participants’ opinion on whether the colour contrasts (red/amber/green traffic lights) were clear and easy to distinguish (1 = hard, 5 = easy)
The next question asked if the participants found that the app relied too heavily on colour to communicate information. A great majority of participants responded “No” (95%), with one participant responding “Yes”. Suggesting that the majority of users found the app not to depend too heavily on the colour cues, and when paired with text to convey information, they found it to be balanced, with only one person finding it overly dominant, aiding in the realisation of reaching the goal of producing an accessible mHealth application.
[image: Forms response chart. Question title: Did the app rely too heavily on colour to communicate information?. Number of responses: 19 responses.]
[bookmark: _Toc220260818]Figure 23 - Results for if participants found the prototype depended too heavily on colour to communicate information
Figure 24 shows that participants found the app’s layout and interface easy to navigate, with a consistently high usability score. These ratings ranged from 4 to 5, with the majority selecting 5 (84%). These positive results convey that the application design achieved its goal of being easy to navigate, aligning with the universal design principles. No participants responded with a score below 4, indicating strong agreement that buttons, text size, and spacing were clear and accessible, suggesting that the prototype is perceived as user-friendly and straightforward.

[image: Forms response chart. Question title: Did you find the layout and interface easy to navigate (buttons, text size, spacing)?
. Number of responses: 19 responses.]
[bookmark: _Toc220260819]Figure 24 - Survey results showing participants opinion on if they found the interface easy to navigate (1 = difficult, 5 = easy)

Participants also found the icons, symbols, or text labels helpful in understanding the nutritional results, with 52% scoring it a 5 out of 5 with the lowest score being a 3 given by 15% of participants. This indicates that participants mostly found these visual elements to be clear and supportive for understanding nutritional information, but with areas for potential improvements.

[image: Forms response chart. Question title: Were icons, symbols, or text labels helpful in understanding the nutrition results?. Number of responses: 19 responses.]
[bookmark: _Toc220260820]Figure 25 - Survey results showing participants' opinion on whether icons, symbols or text labels were helpful in understanding the nutrition results (1 = unhelpful, 5 = helpful).

When asked whether participants encountered any issues with scanning due to lighting, hand steadiness or text alignment, the majority reported some difficulties. A few users reported issues relating to light conditions and camera focus, with problems stemming from “hand steadiness and distance from the label” and “my camera struggled to focus on the table”, which would occasionally require multiple scanning attempts. Some users also experienced reduced accuracy or failed scans when nutritional information appeared in non-tabular formats or when text contrast was low.
[image: Forms response chart. Question title: Did you experience any issues with scanning due to lighting, hand steadiness, or text alignment?. Number of responses: 17 responses.]
[bookmark: _Toc220260821]Figure 26 - Participant results for experiencing issues with scanning due to lighting, hand steadiness and text alignment.

Despite these issues, several participants stated they encountered no significant problems, suggesting some variability in scanning conditions, device performance, and user interaction abilities across participants, as expected in real-world use.

Of the participants in the study, 21% reported cognitive or motor impairment that affected their interactions with the mobile application. Among those who reported having a disability, they all claimed the app remained accessible to them. Participants highlighted that both text clarity and colour cues supported their understanding, with one stating that they “have poor eyesight but were able to understand thanks to the colours” and another saying: “I am red-green colour blind, but the text made it fine to understand”. These responses from this sample help demonstrate that no major accessibility issues were encountered during the study, further aligning with the goal of delivering an accessible prototype for the majority of people.
[image: Forms response chart. Question title: Do you have any vision, cognitive, or motor impairments that might affect how you interact with mobile apps?
. Number of responses: 19 responses.]
[bookmark: _Toc220260822]Figure 27 - Participant responses when asked if they have any vision, cognitive or motor impairments which may impact how they interact with mobile applications

[bookmark: _Toc220263645]7.5 Experience with the application
89% of participants gave the app a maximum score of 5 when asked whether they found the prototype easy to use, with the lowest score being 4, indicating minimal difficulty using it during the trial, as shown in Figure 28.
[image: Forms response chart. Question title: How easy was the app to use?. Number of responses: 19 responses.]
[bookmark: _Toc220260823]Figure 28 - Results showing how easy participants found the prototype to use (1 = difficult, 5 = easy)
Then, when asked if the traffic light system made it easier for them to quickly understand nutritional information. The majority rated the feature 5, indicating very high clarity and usefulness, while only 2 participants selected 3, suggesting they found it only moderately easy to interpret. Overall, users generally agreed that the colour-coded system helped support their comprehension of nutritional information quickly during app use.
[image: Forms response chart. Question title: Did the traffic light system visuals make it easy for you to quickly understand nutritional information?
. Number of responses: 19 responses.]
[bookmark: _Toc220260824]Figure 29 - Participant results for whether the traffic light system visuals made it easier to quickly interpret nutritional information (1 = difficult, 5 = easy)
Several participants reported experiencing minor difficulties while scanning products. The most commonly reported issues were slow processing times, OCR difficulties, and challenges with certain packaging formats. Curved surfaces such as cans, patterned backgrounds or non-gridded nutritional tables were reported to frequently cause failed scans or inaccurate readings. Low contrast text, such as dark text on dark backgrounds, would also reduce scan reliability: “Failed to scan black on dark blue, black on gold, tried 1-3 times”. A few participants noted that external factors, such as phone signal or processing speed, also impacted their experience: “the time to scan varied by a large amount”. One participant reported that they had issues potentially due to their phone signal while shopping, “in shops it may have been my phone signal” and that it “read one section wrongly, eg it read 7.3g instead of 3.7 g”. Despite these issues, most scans eventually succeeded, suggesting that the app is generally effective but could fail on occasion. Further suggestions for improvements or future fixes will be covered in more depth under the discussions section.

When comparing the app to manually reading nutritional tables. 68% reported that the app was quicker, 26% said they were not sure, and 5% indicated that it was not faster. For most users, this shows that using the app can streamline the process of interpreting nutritional information manually, although the perception of speed may also depend on varying factors such as scanning success, familiarity with the app interface and connection to the internet.
[image: Forms response chart. Question title: Did the app provide nutritional information faster than reading the label yourself?
. Number of responses: 19 responses.]
[bookmark: _Toc220260825]Figure 30 - Results for if participants found the app could convey nutritional information faster than reading the label themselves
After using the app, most participants reported increased confidence in identifying nutritional quantities in products. On a 5 point scale, the majority rated their confidence at a 4 or 5, with only a couple rating it slightly lower at a 3. Indicating that, through using the app, users’ confidence can be built, helping them feel more assured in their purchasing decisions.
[image: Forms response chart. Question title: Do you feel more confident identifying more nutritionally healthy options after using the app?. Number of responses: 19 responses.] 
[bookmark: _Toc220260826]Figure 31 - Chart showing participant confidence after using the app (1 = not confident, 5 = confident)
[bookmark: _Toc220263646]7.6 Influence
In the figure below, a noticeable number of participants appeared to have their purchasing decisions be influenced through the use of the app, 72% reported that it influenced what they bought, whether this be discouraging or encouraging the purchase of an item, which suggests that by using clear, easy to interpret nutritional information prompts, consumers behaviour did get affected directly, encouraging choices with better nutrient quantities when shopping.
[image: Forms response chart. Question title: Did the app influence any of your purchasing decisions?. Number of responses: 19 responses.]
[bookmark: _Toc220260827]Figure 32 - Chart showing participants response when asked if the prototype influenced their purchasing decisions.
100% of participants reported that they would be more likely to check nutritional information before purchasing a product after using the app. Highlighting the app's effectiveness in raising awareness of product nutritional content, potentially encouraging healthier consumer habits among users over time.

[image: Forms response chart. Question title: After using the app, are you more likely to check nutritional information before purchasing a product?
. Number of responses: 19 responses.]
[bookmark: _Toc220260828]Figure 33 - Chart showing if the prototype influenced participants to check nutritional information more in the future
[image: Forms response chart. Question title: Overall, how satisfied were you with the app experience?. Number of responses: 19 responses.]
[bookmark: _Toc220260829]Figure 34 - Participant satisfaction results
Participants reported being generally satisfied with the app, with 94% rating their experience 4 or 5 out of 5. When asked whether the participants had any suggestions, several reported improvements to the app's usability and accessibility. Common recommendations included clearer guidance for scanning, such as a “A guide box on screen which shows how close you should scan the label” or “text saying ‘hold the phone still’ to ensure users don’t move around too much”. Others suggested ways to track scanned products for future use, with one noting, “Maybe there could be a library to store the different types of items they scanned, so they can check before buying”. Speed and responsiveness were another commonly raised issue; one user commented, “If it could be faster, that would be good”. Accessibility features like high contrast modes or audio support were suggested too, as to accommodate more needs, “perhaps a high contrast or audio option”. Finally, several participants emphasise the need for a clearer interface to confirm when a successful scan has been performed, to improve users’ confidence: “More button feedback to show that the picture has been taken and maybe more nutritional options to show”.
The number of innovative responses from participants demonstrates their passion for the ongoing development of the application, with many expressing excitement for potential additions and expansions, suggesting that they were impressed with the current state of the prototype and found it to be a good foundation to build enhancements off to support the overall interpretation of nutritional information through a mobile application.


[bookmark: _Toc220263647]8 Results and Discussion
The survey results provide several insights into how users interacted with the prototype application and how this interaction affected their understanding of nutritional labelling. Patterns emerged regarding user demographics, misleading product packaging, and environmental factors, all of which have important implications for both mHealth app design and consumer behaviour.

The prototype application was shown to be effective in improving participants’ understanding of nutritional information, supporting the goal of assessing whether a mobile application could improve a consumer’s interpretation of nutritional contents on the back of food packaging. Participants in the study reported increased confidence in judging the nutritional contents of products through the app, and a majority stated that the app influenced their purchasing decisions. These outcomes suggest that the app can enhance quick, accurate nutritional interpretation, supporting previous studies' findings that visual simplification can reduce cognitive load during food choices, as high cognitive load is shown to amplify the influence of external cues, such as food advertising or unhealthy selections [42]. 

Nearly all participants encountered a discrepancy between health-related claims and actual nutritional content. For example, 94% of participants encountered at least one product that was less nutritionally healthy than expected, particularly when scanning items marketed as “low fat”, “high protein” or “low sugar”. This aligns with other findings and the persistence of the health halo effect, in which large claims can distract consumers from other negative nutritional ingredient levels [14]. By using the app, users were exposed to these discrepancies through the presentation of real values alongside colour-coded indicators, leaving them with a more accurate and supportive assessment than simply trusting claims advertised on the front of a product.
Several users also noted that nutritional clarity varied across product packaging, and many noted how often the FSA’s traffic light label, can be minimised, inconsistently presented, hidden, or omitted from the front of packaging. This highlights the importance of standardisation and the fact that the current voluntary approach to the front-of-pack traffic light system is allowing consumers to be misled. The results also show that the app functioned well as a satisfactory tool for extracting nutritional information from food packaging, suggesting that this digital approach may compensate for the lack of current regulations.

Demographic differences were observed in how participants used the application. Younger adults were found to focus on sugar and fat, scanning low-fat or low-sugar products, whereas older adults and participants with dietary health issues were more likely to focus on salt monitoring. Despite these differences, the app supported and informed users, regardless of priority, about nutrients they may normally overlook, demonstrating its ability to broaden nutritional awareness across different user groups. These findings are supported by a paper by Herpen and van Trijp (2011), which found that traffic-light and logo-based front-of-pack labels would attract greater consumer attention and promote healthier choices than traditional nutrition tables, particularly under time pressure. Their study also showed that people would focus more on nutritional information when it aligns with their specific dietary goals, such as reducing salt or fat intake [43]. The survey responses partly reflect this, with participants with differing health goals able to quickly identify and adjust their purchasing decisions based on the nutritional information relevant to their needs. 

Efforts into accessibility considerations were also highlighted. Participants with visual or motor impairments reported that the traffic light colours helped them understand nutritional contents easily, suggesting that, by using mixed cues, such as text and colour, an application's usability can be improved to support a diverse audience. However, many of the survey participants reported environmental issues and app performance problems. Common issues included scanning curved or patterned backgrounds, low lighting conditions, and hand instability, which occasionally resulted in failed scans or delayed results. This means that, while the app was effective in principle, for real-world usability it could be improved further through software optimisation or enhanced user guidance. 

These challenges reflect known limitations in OCR technology, particularly for real-world mobile contexts. Prior research has demonstrated that OCR performance is highly sensitive to capture conditions such as motion blur, lighting, framing and surface curvature. For example, Cutter and Manduchi (2015), in a study examining mobile OCR use by blind and visually impaired users, found that hand instability, poor alignment and environmental lighting frequently resulted in failed or delayed text recognition. While their study focused more on accessibility, the authors emphasise that these limitations stem from inherent constraints in mobile image capture rather than user characteristics [44]. This aligns with the issues observed in the present study, where scanning under low lighting or with hand movement resulted in reduced OCR accuracy. 

Issues relating to hand motion blur were also raised during initial testing, showing that these issues are less due to individual participant characteristics and instead due to the OCR. Participants recommended features such as an on-screen guide to suggest the proper scanning distance, clearer feedback when the photo is successfully captured, and the ability to store scanned products for future reference. These suggestions could be added to enhance accessibility and improve the user interface, as well as advise less technologically literate users. Other suggestions included expanding the range of accessibility features to include high-contrast modes or audio support, this paired with the potential future aim of achieving level AAA of the WCAG 2.2 guidelines could thereby greatly broaden the app's reach to users with severe visual limitations. Further research into more accurate OCR libraries should also be considered, as well as improved optimisation techniques, such as more advanced image preprocessing to handle glare, curved surfaces, and low-light conditions. These additions could significantly reduce scan errors and user frustration, making the app more reliable across a wider range of products and environmental conditions. 

Despite these issues, most scans were successful after only a few retries. Participants rated the app’s usability highly, with 89% providing a maximum score for ease of use, showing that the application's performance and design was effective. After using the app, many participants reported increased awareness of nutritional values and suggested they would alter their purchasing choices as a result. This result supports the argument that by having a simpler way to interpret nutritional information, it can better benefit consumers, influence their purchasing habits, and guide them towards better food choices. 79% of participants indicated that the app influenced their purchases, and 100% stated they would be more likely to check nutritional information again in the future, increasing drastically from the 75% who initially reported checking nutritional information before trialling the prototype. These results suggest that a mobile application can be used to modify and improve behaviour through rapid, accessible feedback, aligning with the Fogg Behavioural Model, where triggers such as the app's feedback and the ability to interpret nutritional content can combine to drive behavioural change [21]. This could also align with the Theory of Planned Behaviour, by improving clarity and accessibility of nutritional information, an increase in behavioural intention and motivation can be achieved [20].

While the study demonstrated significant promise, limitations remain. The study sample was relatively small and skewed toward younger adults, which may have impacted the results. Additionally, although users with health conditions reported the app's usefulness, a broader evaluation involving individuals with diverse dietary needs or more specific accessibility requirements would strengthen conclusions. Future work should also investigate integrating technical optimisations to improve OCR performance, and stricter adherence to Level AA of the WCAG 2.2 accessibility guidelines as well further research evaluating behavioural outcomes over a longer period to assess the sustained impact on food choice behaviours.

In summary, the survey results demonstrate that an OCR mobile application paired with a colour-coded traffic light system can enhance nutritional literacy, expose misleading packaging claims, and influence consumer behaviour. The findings highlight the potential for delivering real-time nutritional interpretation assistance in the real world, along with their challenges, and demonstrate the importance of a robust, accessible, and user-focused design when developing an mHealth application.




[bookmark: _Toc220263648]9 Conclusions and Recommendations
To conclude, this study demonstrates that a mobile application using OCR with a colour-coded traffic light system can effectively enhance consumers' understanding of nutritional information on food packaging. The survey results reveal that participants often encounter discrepancies between the perceived nutritional quality of a product and its actual nutritional content. Notably, items advertised as low-fat, high-protein, or low-sugar often contained higher levels of other nutrients or were overall less healthy than expected when broken down into individual nutritional categories, highlighting the limitations of trusting claims on food packaging. By presenting users with the real nutritional content and values alongside a simple visual indicator, the app allowed users to make better judgments, uncover unexpected high nutrient levels, and better assess the overall healthiness of a product.

Participants in the study also reported that the app influenced their purchasing decisions and increased their likelihood of checking nutritional information in the future, proving that a subtle but clear visual cue can meaningfully influence consumer purchasing habits. The app also showed broad applicability over a diverse user group. Younger adults reported checking products that were low-fat or low-sugar, whereas older participants would have more concerns about salt content. But despite these slight differences, all participants reported that the app encouraged them to consider all nutrients, including those that they would not normally monitor as closely, showing that the app can expand users’ nutritional awareness. Accessibility features in the app, such as the use of colour and intuitive icons were found to support users, although other variables, such as environmental or technical limitations (e.g., curved packaging, low lighting, hand stability, and occasional OCR errors), present areas for further improvement.

The study underscores an important message: that mobile health applications can enable consumers to understand nutritional tables in a clear, accessible manner, especially where the voluntary front-of-pack traffic light system is missing, monochrome, or misleading. This is important as the current traffic light system is not sufficiently standardised or enforced, allowing consumers to be misled by health claims on packaging. Until there is regulatory action on consistent, standardised front-of-pack labelling, this app would assist consumers understanding of nutritional content.

As for technological improvements, the app could enhance its recognition capabilities to improve OCR speed and accuracy, or add support for interpretation of more languages beyond English to expand its user base. These changes, as well as additional interface features such as clearer visual guides or the ability to save previously scanned products, could further enhance engagement, usability and accessibility. Potential incorporation of more nutrients, such as fibre and protein, could further enhance consumer understanding of food quality and healthiness.

Future research could evaluate the app with a larger, more diverse audience to ensure generalisability and investigate its long-term behavioural impact to determine whether it results in sustained improvements in dietary choices and a healthier lifestyle. Integration into wearable mHealth devices or other personalised health-tracking systems could also be considered to further enhance the app's effectiveness by tailoring dietary recommendations to the user and reinforcing positive behavioural change over time. Additional accessibility support should also be considered, such as support for screen readers, and stricter alignment with WCAG 2.2 guidelines at higher levels, such as AA or AAA.

While the survey provided valuable insights, its anonymous approach and the potential novelty effect suggest that future studies could incorporate a more direct observative approach or tracking for an increased length of time to more accurately assess behavioural change over time.

To conclude, the findings of this study show that a mobile application utilising OCR, paired with the FSA traffic light system, can improve nutritional understanding, expose misleading or confusing packaging claims, and have a positive impact on consumer behaviour. If paired with a greater user-tailored design with technical optimisation, these digital tools can have the potential to make a significant impact on supporting public health initiatives, leaving a positive change for making food choices in a real-world setting.


[bookmark: _Toc220263649]10 Reflections
When reflecting on the study, the biggest drawback was time limitations. If given more time, further research into the development and implementation of AR should have been conducted. Initial plans to implement ARCore were abandoned in favour of a functional OCR-based nutritional table interpreter. While the static table solution works best for individuals with unstable hands or disabilities, research into whether a quick AR tool could be more easily incorporated into participants' daily lives, providing an easier way to read labels without having to pause to take a photo. Although the final prototype differed from the initial concept, it effectively demonstrated that digital tools can help users better understand nutritional information and make more informed choices, as set out in the research objectives. Working with both Google ML Kit and OpenAI’s Vision API demonstrated both the strengths and weaknesses of modern-day OCR tools in real world mobile contexts, highlighting the need for rigorous real user testing in mHealth development.

Secondly, while accessibility was heavily considered during the application's development, not all guidelines to achieve the highest standards were realised, with only Level A met. If given more time, the requirements to reach level AA or AAA could have been implemented and tested during development. As the prototype's priority was to provide a functional reading of nutritional content, accessibility was overlooked in favour of functionality and engagement.

Security considerations should also have been given more thought. A significant risk when utilising an OCR reader that relies on prompt-engineered AI is prompt hijacking. No considerations or testing for this were factored into the app's development, running the risk that people will hijack the API for personal gain by uploading an image with injected alterations. As the study included only a small number of participants, the risk was minimal, but safety considerations should be incorporated into future implementations and further research, especially if a product like this were to be available to the general public.

Lastly, the chosen survey approach for collecting data from participants, while effective for collecting a large data sample, is insufficient to provide a full understanding of participants' behaviour and usage. Further research should consider adopting other result-gathering approaches, such as direct interviews or direct observation of application usage. For a better understanding of participant behaviour, the study should also be taken over a longer period of time and should factor in the individual health goals, measure their weekly intake of nutrients before using the prototype, versus the quantities of nutrients after using the app over a long period of time, to measure growth and reduction in consumption.
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See attached below a link to a demonstration of the application running:
https://www.youtube.com/watch?v=Pq7MFw6Xspc 
Full consent form sent to participants of the survey: [image: A screenshot of a phone
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Survey Questions as presented to participants:
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What is your age?
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Before using this app, have you used a nutrition or fitness app before
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® Yes
® No
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Do you currently have any diet-related health conditions?
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® No
@ Prefer not to say
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Do you check nutritional tables or labels when shopping?

(See attached: image of back of packaging nutrition table and front of packaging
labels)
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® No
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Without using the front of packaging labelling, how easy do you find interpreting traditional nutrition

information?
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Before using the app, how confident were you in your ability to assess how healthy a product would
be?
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Do you rely on claims such as "low fat" or "high protein" when choosing foods?
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Have you come across any products that had missing, misleading front of packaging labels? If yes

could you elaborate and add what the product was?
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Did the app change your perspective on what products are nutritionally healthier? Please
explain (Yes / No)
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Did you scan any products with health-related claims (i.e low-fat, high-protein, [O Copy chart
low-sugar, etc...)
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Did they match their advertised claim? (For example, if advertised as low-sugar then did it return as

green or low sugar?)
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Through using the app, did you discover that certain products nutritional contents were healthier

than expected? Please could you add any examples (Yes / No)
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Through using the app, did you discover that some were less healthy than I_D Copy chart
expected? Please could you add any examples (Yes / No)
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Did you find the text on screen (e.g., nutrition results, labels) easy to read?
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Were the colour contrasts (e.g., red/amber/green traffic lights) clear and easy to distinguish?
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Did the app rely too heavily on colour to communicate information?
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Did you find the layout and interface easy to navigate (buttons, text size, spacing)?
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Were icons, symbols, or text labels helpful in understanding the nutrition results?
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Did you experience any issues with scanning due to lighting, hand steadiness, or text alignment?
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Do you have any vision, cognitive, or motor impairments that might affect how you interact with

mobile apps?
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How easy was the app to use?
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Did the traffic light system visuals make it easy for you to quickly understand nutritional

information?
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Did the app provide nutritional information faster than reading the label yourself?
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Do you feel more confident identifying more nutritionally healthy options after using the app?
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Did the app influence any of your purchasing decisions?
19 responses

©® Yes
® No
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After using the app, are you more likely to check nutritional information before purchasing a

product?
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Overall, how satisfied were you with the app experience?
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Nutritional Label Scanning App Survey

If you need help please contact lestyn Green: iestynmgreen@gmail. com

sign.into Google to save your progress. Learn more

PARTICIPANT INFORMATION SHEET (PIS)

What is this research about?

By completing this survey you are about to take part in exploring how people use and
experience a mobile application made to scan product labels and highiights nutrtional
information. The goal is to understand whether the app helpes you interpret food labels
and whether it changes your perception of product healthiness.

Your participation will help inform impr tothe app and contribute to academic
research,

Why have | been invited?
You have been invited because:

« You have used the app and have scanned at least one product
« You are over the age of 18
« You consent to share your opinions anonymously through a survey

Participation is open to anyone, including people with health conditions or accessibility
needs. However, the study does not specifically target these groups.

Do I have to take part?
No, participation is completely voluntary.
Youmay:

« Decline to take part
+ Skip any question you prefer not to answer
« Withdraw at any point before submitting the survey

After you submit, the data is anonymous and cannot be withdrawn.

(©)

What will | be asked to do?
I you agree to take part, you will complete the following survey about:

« Any products you scanned with the app
« Whether results matched your expectations

« Whether your perception of food healthiness changes
« Basic demographic questions (optional)

The survey should take approximately 510 minutes.

What are the possible risks?
This study is low risk.
Potential minimal risks include:

« Mild discomfort when reflecting on personal eating habits
« Disclosure of non-sensitive personal opinions.

No questions relate to highly sensitive topics. you may skip any questions.

How will my data be used?

The survey is anonymous - no names or identifying details are collected.
Data will be stored securely in a password-protected university account.

Data will only be used for academic research and may be included n a dissertation.
Data will not be used to make decisions about you, nor wil it be shared with third
parties.

How

is my privacy protected?

« No personal identifiers are collected
« IP addresses are not stored

« Data s protected the University's basis of public interest research
« Any quotes used in the dissertation will be anonymised.

Do need to sign anything?
No signature i required.

Consent will be obtained electronically through the following consent form.

1f you have any questions then please contact estyn before taking part. Thariks.

Next Clear form

Never submit passwords through Google Forms.

“This content s neither created nor endorsed by Google.  Terms of Service - rvacy.Policy.

Daes this form look suspicious? Reart

Google Forms




image37.png
Nutritional Label
Scanning App
Survey

Sign in to Google to save your
progress. Learn more

* Indicates required question

CONSENT FORM

Please read each statement and *
tick to confirm your agreement:

| have read and understood
D the Participant Information
Sheet

| understand that my

D participation is voluntary and |
may withdraw before
submitting the survey

| understand that my

D responses will be anonymous
and cannot be withdrawn after
submission

| understand that the data will

D be stored securely and used
for academic research
purposes only.

D | confirm that | am aged 18
and above.

D | consent to take part in this
study

By continuing to the survey, you
indicate your informed consent.

Back Next Clear form

Never submit passwords through Google Forms.

This content is neither created nor endorsed by
Google. - Terms of Service - Privacy Policy,

Does this form look suspicious? Report

Google Forms
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before

O Yes
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QO Yes
O No

(O Prefer not to say

Back Next Clear form

Never submit passwords through Google Forms.

This content is neither created nor endorsed by
Google. - Terms of Service - Privacy Policy,

Does this form look suspicious? Report
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Sign in to Google to save your progress. Learn more

If yes - please specify

If yes - Please specify your diet-related health condition(s)

Your answer

Back Next Clear form

Never submit passwords through Google Forms.

This content is neither created nor endorsed by Google. - Terms of Service - Privacy Policy,

Does this form look suspicious? Report

Google Forms
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Previous Habbits

Do you check nutitional tables or labels when shopping?

(See attached: image of back of packaging nutrition table and front of packaging
labels)

Without using the front of packaging labelling, how easy do you find interpreting
traditional nutrition information?
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Hard o O o O ©O Easy

Before using the app, how confident were you in your ability to assess how healthy
a product would be?
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Do you rely on claims such as ‘low fat" or *high protein" when choosing foods?
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Never o O O O O Aways

Have you come across any products that had missing, misleading front of
packaging labels? If yes could you elaborate and add what the product was?
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contains**
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Back Next Clear form

Never submit passwords through Google Forms.
“This content is neither created nor endorsed by Google. - Terms of Service - Prvacy.Policy

Does this form look suspicious? Report
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Sign in to Google to save your progress. Learn more

Using the app

Did the app change your perspective on what products are nutritionally healthier?
Please explain
(Yes /No)

Your answer

Did you scan any products with health-related claims (i.e low-fat, high-protein, low-
sugar, etc...)

O Yes
O No

Back Next Clear form

Never submit passwords through Google Forms.

This content is neither created nor endorsed by Google. - Terms of Service - Privacy Policy,

Does this form look suspicious? Report

Google Forms
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Using the app (continued)

Were there any product labels or claims you found misleading after scanning with
the app?

Your answer

Through using the app, did you discover that certain products nutritional contents
were healthier than expected? Please could you add any examples (Yes / No)

Your answer

Through using the app, did you discover that some were less healthy than
expected? Please could you add any examples (Yes / No)

Your answer

Back Next Clear form

Never submit passwords through Google Forms.

This content is neither created nor endorsed by Google. - Terms of Service - Privacy Policy,

Does this form look suspicious? Report

Google Forms
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Accessibility and Inclusivity

Whether you have any current disabilities or not, please can you fil the following section to
the best of your knowledge.

Did you find the text on screen (e.g., nutrition results, labels) easy to read?
Difficult (@] @) @) O O Easy

Were the colour contrasts (e.g., red/amber/green traffic lights) clear and easy to

distinguish?

1 2 3 4 5

Dificult O o o o o Easy

Did the app rely too heavily on colour to communicate information?

QO Yes
O No
O Notsure

Were icons, symbols, or text labels helpful in understanding the nutrition results?

@ O O O O O  um

Useless
Did you find the layout and interface easy to navigate (buttons, text size, spacing)?

Difficult (@) O O O O Easy

Did you experience any issues with scanning due to lighting, hand steadiness, or
text alignment?

Your answer

Do you have any vision, cognitive, or motor impairments that might affect how you
interact with mobile apps?

O Yes
O No

QO Prefer not to say

Back Next Clear form

Never submit passwords through Google Forms.
This content s neither created nor endorsed by Google. - Terms of Service - Privacy Policy

Does this form look suspicious? Report
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App experience

How easy was the app to use?

Difficult O O O O O Easy

Did the traffic light system visuals make it easy for you to quickly understand
nutritional information?
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Did you experience any difficulties while scanning products?
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Did the app provide nutritional information faster than reading the label yourself?
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Do you feel more confident identifying more nutritionally healthy options after
using the app?
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Influence

Did the app influence any of your purchasing decisions?

O Yes
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O Other:

After using the app, are you more likely to check nutritional information before
purchasing a product?

O Yes
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Overall, how satisfied were you with the app experience?
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Do you have any suggestions to make the app more effective or accessible for
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