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[bookmark: _Hlk215679708]1. Justification of the Research Proposed 

Wearable health technologies have become an integral part of modern health monitoring, enabling continuous collection of physiological, behavioral and contextual data through devices such as smartwatches, wristbands and mobile-connected sensors. These systems promise improved self-management, early detection of health issues and long-term behavior change, but their effectiveness relies heavily on sustained user engagement and appropriate behavioral responses to feedback (Gjoreski et al., 2024; Zhao et al., 2025). Despite rapid advancements in sensor quality and data analytics, a persistent limitation in these systems is their reliance on static, non-adaptive feedback that does not account for users’ psychological diversity or behavioral tendencies.

Research demonstrates that negative or corrective feedback from wearable systems can trigger two distinct behavioral outcomes. The first is disengagement, where users reduce their interaction, stop wearing the device, or abandon digital health routines entirely (Hamza et al., 2025). Disengagement reduces long-term efficacy and contributes to high dropout rates observed across health and fitness applications. The second outcome is compensation, where users respond to negative scores by engaging in excessive corrective actions—such as intense exercise after a poor recovery or sleep rating—potentially leading to stress, burnout, or physical strain (Li et al., 2019). Both patterns represent maladaptive responses that undermine the intended purpose of wearable feedback systems.

While existing literature has made progress in modelling health states, emotions and adherence patterns from wearable data (Niu et al., 2024; Shu et al., 2023), there remains a significant gap in computational modelling of acute behavioral reactions to feedback, particularly in distinguishing between disengagement and compensation. Current predictive systems tend to focus on longitudinal adherence metrics, stress detection, or chronic health conditions rather than short-term behavioral responses immediately following negative digital feedback (Gjoreski et al., 2024). As a result, modern wearable interfaces often provide generic feedback that fails to consider how different users interpret and react to the same information.

This gap has important implications for adaptive human–computer interaction (HCI). Adaptive feedback systems—such as Just-In-Time Adaptive Interventions (JITAIs)—typically adjust based on physiological changes, but they rarely incorporate predictive behavioral modelling that anticipates problematic user reactions before feedback is delivered (Bento et al., 2025). Without such modelling, wearable systems risk reinforcing negative psychological cycles or driving users away from healthy routines. A systematic review is therefore needed to evaluate the extent to which current computational models can predict both disengagement and compensation behaviors, and how these predictions could inform more personalized, adaptive HCI design.

Given the growing public reliance on continuous feedback from wearable devices, understanding these behavioral responses is essential for improving user wellbeing and ensuring device effectiveness. By reviewing and synthesizing the existing literature across wearable analytics, behavioral prediction, adaptive HCI and user engagement research, this study aims to identify methodological gaps, limitations in current predictive models, and opportunities for developing more responsive systems. This work will extend current knowledge by examining how different computational approaches attempt to model user behavior and assessing whether they are capable of supporting next-generation adaptive feedback mechanisms. Ultimately, this review contributes to the development of safer, more effective wearable interactions by highlighting the need for predictive models that can anticipate both disengagement and over-compensation, enabling future systems to intervene in a timely and user-appropriate manner.

2. The Project Aim 

The aim of this project is to systematically review and critically evaluate computational approaches that predict user behavioural responses—specifically disengagement and compensation—to feedback generated by wearable health systems, in order to identify limitations and opportunities for improving adaptive HCI feedback design.

3. The Project Objectives

i. Identify and collect published research related to computational behavioral modelling, wearable health feedback systems, user disengagement, and over-compensation, using systematic search strategies across recognized academic databases.
ii. Conduct a structured appraisal of the selected studies using an established evaluation tool (e.g., CASP or PRISMA-based criteria) to assess methodological quality, relevance, and scientific rigor.
iii. Perform a comparative analysis of computational models used to predict short-term behavioral responses to wearable feedback, focusing on model design, features, data inputs, evaluation metrics, and predictive accuracy.
iv. Examine the evidence concerning disengagement and compensation behaviors, identifying common behavioral patterns, predictive challenges, and current limitations in modelling both responses.
v. Synthesize findings to determine gaps in existing research, particularly where current predictive models fail to support adaptive or personalized HCI feedback systems.
vi. Formulate evidence-based recommendations outlining how future wearable feedback systems and adaptive HCI frameworks can integrate predictive behavioral modelling to minimize disengagement and mitigate maladaptive compensation.
vii. Produce a comprehensive research report presenting the systematic review findings, critical evaluations, identified gaps, and proposed directions for future research.

4. Contributions

i. Identification of methodological limitations: The review will highlight gaps and weaknesses in existing computational models that attempt to predict disengagement or compensation behaviors triggered by wearable health feedback.
ii. Comparative evaluation of predictive approaches: By examining and contrasting different modelling techniques, data features, and evaluation metrics, the project will provide a clearer understanding of which computational strategies are most effective for behavioral prediction in wearable systems.
iii. Integration of behavioral insights into adaptive HCI: The study will contribute evidence-based recommendations on how predictive behavioral modelling can inform the design of adaptive feedback mechanisms to enhance user engagement and reduce maladaptive responses.
iv. Clarification of future research directions: The project will outline areas where further investigation is required, supporting the development of more personalized, psychologically informed wearable health technologies.
 
5. Scientific Justification

This project follows a systematic literature review methodology, which is grounded in established scientific principles that ensure the findings are credible, reproducible, and academically rigorous. The evaluation plans used throughout the review are justified by core concepts of scientific research, including reliability, validity, objectivity, precision, and reproducibility.

A systematic approach is essential because the research aims to critically analyze how existing computational models predict behavioral responses—specifically disengagement and compensation—in wearable health feedback systems. This area spans multiple disciplines, including behavioral science, human–computer interaction, and machine learning. A structured review enables the extraction and comparison of evidence across these varied research traditions in a controlled and transparent manner.

Reliability and Reproducibility:
To ensure reliable outcomes, the review will apply a consistent appraisal method to all selected studies using a recognized evaluation tool such as CASP or PRISMA-based criteria. This standardized approach reduces subjectivity and increases reproducibility, as other researchers could replicate the same process and reach comparable conclusions.

Objectivity and Bias Reduction:
Systematic reviews reduce researcher bias by relying on predefined inclusion and exclusion criteria, reducing the risk of selective interpretation. However, bias can still arise from publication bias, incomplete reporting, or subjective appraisal. To address this, the review will use dual-source verification (cross-checking interpretations across multiple studies) and rely only on peer-reviewed research where methodological transparency is provided.

Validity and Precision:
The project seeks to examine the scientific validity of computational models used to predict behavioral responses. Many models differ in design, datasets, feature engineering, and evaluation metrics; therefore, structured comparison is necessary to determine whether the findings of each study are internally valid and whether the models demonstrate precision in distinguishing disengagement from compensation behaviors.

Testability and Evidence Evaluation:
Because computational modelling is inherently empirical, the review must assess whether existing studies provide testable and well-described methodologies. This includes evaluating whether datasets, feature sets, training pipelines, and metric definitions are sufficiently documented to support model replicability. Studies with unclear procedures or insufficient reporting will be critically flagged as limitations.

Limitations and Mitigation:
Several scientific limitations may affect this review. First, differing model evaluation standards make direct comparisons difficult; this will be mitigated by normalizing comparisons based on common metrics such as accuracy, F1-score, and AUC where available. Second, many studies focus only on long-term adherence, meaning evidence about acute behavioral responses may be sparse. This limitation will be explicitly acknowledged and used to emphasize the novelty and importance of identifying this gap.

Taking everything into account, the scientific justification for this project rests on its systematic and comparative approach, which ensures that the evaluation of existing computational models is conducted with methodological rigor. By adhering to recognized scientific principles, the review will produce valid and reliable insights that will inform future research into adaptive HCI and predictive behavioral modelling for wearable health systems.

6. Ethical Justification

This project is a systematic literature review, meaning it relies exclusively on previously published academic studies, with no direct involvement of human participants, no collection of personal data, and no interaction with vulnerable groups. As a result, the ethical risk associated with this work is minimal. Nonetheless, the project must still adhere to recognized ethical, legal, and professional standards to ensure responsible academic conduct.

In accordance with the Economic and Social Research Council (ESRC) Framework for Research Ethics, the review will follow principles of integrity, transparency, and accountability. All information extracted from research papers will be handled responsibly, and only publicly available, peer-reviewed sources will be used. Because the project does not involve human subjects, issues such as informed consent, participant anonymity, and data protection are not directly applicable. However, the review will critically evaluate whether the original studies followed appropriate ethical procedures, particularly those involving wearable tracking, behavioral monitoring, or digital health interventions.
Legal and professional guidelines, including the Data Protection Act (2018) and institutional codes of conduct—will be respected by ensuring that no personal or identifiable data is collected, stored, or processed during the project. All sources of information will be properly cited using the Harvard referencing format to acknowledge intellectual property rights and to avoid plagiarism. Direct quotations will be clearly indicated, and all paraphrasing will be conducted responsibly to maintain academic integrity.

From a social responsibility perspective, the project holds relevance because predictive behavioral modelling and adaptive HCI directly impact user wellbeing. Wearable health systems influence daily behaviors, and inaccurate or non-adaptive feedback may lead to harmful outcomes, such as disengagement from healthy routines or unhealthy over-compensation. By identifying gaps and limitations in current predictive models, this review contributes to a broader understanding of how future digital health technologies can be designed in ways that support user safety, promote positive behavior change, and minimize psychological or physical harm.

7. The Proposed Research Framework/Methodology 

This project will be conducted as a systematic literature review following the SALSA framework (Search, Appraisal, Synthesis, and Analysis). SALSA is a well-established and suitable methodology for structured literature reviews, allowing for transparent documentation, rigorous evaluation, and systematic comparison of published evidence. Because the project does not involve primary data collection, SALSA provides an appropriate structure for identifying, filtering, and critically examining computational approaches used to predict behavioral responses—specifically disengagement and compensation—in wearable health feedback systems.

7.1 Search Phase
The review will begin by systematically identifying relevant academic research across established bibliographic databases such as IEEE Xplore, ScienceDirect, PubMed, ACM Digital Library, and Google Scholar. Search queries will be constructed using combinations of key terms related to wearable feedback systems, behavioral prediction, adaptive HCI, computational modelling, user disengagement, and compensation/over-compensation. Boolean operators (AND, OR) will be used to ensure comprehensive retrieval of relevant studies.

In this phase, inclusion and exclusion criteria will also be defined. Studies will be included if they:

• involve wearable or mobile sensing systems,
• present computational models or predictive methods,
• focus on user behavior, engagement, adherence or reactions to feedback,
• are peer-reviewed and published in reputable journals or conferences.
Studies will be excluded if they:
• do not involve behavioral prediction,
• rely solely on descriptive or qualitative methods without computational modelling,
• focus exclusively on long-term adherence without examining behavioral response patterns,
• do not provide sufficient methodological detail to support evaluation.

Documenting this process ensures transparency and reproducibility, allowing other researchers to replicate the search strategy.

7.2 Appraisal Phase
All studies that meet the initial inclusion criteria will undergo a structured quality assessment using an established appraisal tool such as the CASP (Critical Appraisal Skills Program) checklist or a PRISMA-inspired evaluation rubric. This ensures that only studies with clear methodological rigor, transparent reporting, and reliable evidence are included.

Each study will be critically examined for:

• clarity of research aims and methodological design,
• dataset characteristics (size, quality, context),
• computational modelling approach,
• evaluation methods and metrics (e.g., accuracy, F1-score, AUC),
• potential biases, confounds, or limitations.

This phase ensures objectivity by applying the same appraisal criteria to all studies, reducing the influence of researcher bias.

7.3 Synthesis Phase
In the synthesis phase, data from the appraised studies will be extracted and organized into thematic categories. 

These categories may include:

• types of behavioral outcomes predicted (disengagement, compensation, adherence),
• modelling techniques used (e.g., machine learning, deep learning, probabilistic models),
• feature sets derived from wearable data (physiological, contextual, behavioral),
• limitations reported by authors,
• opportunities for adaptive HCI integration.
The synthesis does not yet involve judging or comparing studies; instead, it focuses on constructing a coherent overview of the evidence, identifying patterns, recurring themes, and missing elements across the research landscape.

7.4 Analysis Phase
In the final phase, the synthesized evidence will be critically analyzed to evaluate how well current computational approaches predict behavioral responses to wearable feedback. 

This analysis will assess:

• the strengths and weaknesses of different modelling strategies,
• gaps where disengagement and compensation are not adequately distinguished,
• inconsistencies in evaluation metrics or experimental design,
• the feasibility of integrating predictive models into adaptive HCI systems.

This phase will generate new insights about the shortcomings of existing methods, highlight areas where models fail to account for psychological variability, and identify opportunities for advancing behavioral prediction in wearable health systems. The analysis will also directly support the development of recommendations for future research and design practices.

7.5 Justification of SALSA for This Project
SALSA is chosen because it:

• provides a structured and transparent process suited to multidisciplinary topics,
• supports critical comparison of computational models,
• aligns with CET351 expectations for systematic literature review methodology,
• avoids the complexity of clinical or medical-specific frameworks such as PRISMA when not needed,
• ensures clarity and replicability for future researchers.

8. Research Materials Selection Process

The process of identifying, selecting, and evaluating research materials for this systematic literature review was conducted using a structured and academically rigorous approach to ensure transparency, replicability, and methodological integrity. The selection process was directly guided by the aim of examining computational models that predict user disengagement and compensation in wearable health feedback systems. To achieve this, a multi-stage strategy was implemented, consisting of the development of a comprehensive search vocabulary, systematic database querying, structured screening procedures, and formal appraisal using validated evaluation tools.

8.1 Development of Search Terminology
An initial scoping review of the domain was undertaken to identify the terminology, conceptual structures, and methodological patterns commonly used within the fields of wearable analytics, digital health, behavioral prediction, and adaptive HCI. This informed the construction of a robust set of search terms, incorporating:

Keywords relating to wearable systems
i. “wearable health devices”, “wearable sensors”,
ii. “mHealth systems”, “digital phenotyping”,
iii. “physiological monitoring”, “activity tracking”.

Keywords relating to behavioral responses
i. “user disengagement”, “dropout prediction”,
ii. “adherence behavior”, “behavioral response to feedback”,
iii. “compensatory behavior”, “over-compensation”.
Keywords relating to computational modelling
i. “machine learning”, “deep learning”, “predictive modelling”,
ii. “behavioral modelling”, “classification models”,
iii. “time-series analysis”, “sensor-based prediction”.

Keywords relating to HCI and feedback adaptation
i. “adaptive feedback systems”, “personalized feedback”,
ii. “user modelling”, “adaptive HCI”,
iii. “just-in-time adaptive interventions”.

Boolean operators (AND, OR) and phrase matching were used to generate precise search strings. The vocabulary was intentionally broad yet domain-specific to minimize the risk of omitting relevant studies.

8.2 Database Selection and Rationale
To ensure coverage across computing, behavioral science, and health informatics, searches were conducted across the following peer-reviewed academic databases:
i. IEEE Xplore – for computational modelling, machine learning, and sensor-driven behavior prediction.
ii. ScienceDirect (Elsevier) – for interdisciplinary research involving behavior modelling, physiology, and wearable systems.
iii. ACM Digital Library – for HCI-focused studies, adaptive interfaces, and user modelling research.
iv. PubMed/MEDLINE – for evidence related to digital health, mHealth interventions, and physiological-behavioral analytics.
v. Google Scholar – used as a supplementary tool to capture additional materials not indexed in the above databases.

The breadth of these databases ensures methodological diversity and reduces the likelihood of database-specific publication bias.

8.3 Inclusion and Exclusion Criteria
Clear and academically justified criteria were established prior to study selection to ensure alignment with the project aim and SALSA framework.

Inclusion Criteria
Studies were included if they met all of the following conditions:
a) Peer-reviewed publication in a recognized journal or conference proceeding.
b) Focus on wearable, mobile, or sensor-based health feedback systems.
c) Employment of computational or statistical models, including machine learning, deep learning, or hybrid predictive approaches.
d) Examination of user engagement, adherence, disengagement, or behavioral reactions to system feedback.
e) Publication between 2020 and 2025, ensuring technological relevance.
f) Methodological transparency is sufficient to allow evaluation of modelling approaches, dataset characteristics, and performance metrics.

Exclusion Criteria
Studies were excluded if they:
i. Presented purely qualitative analyses without computational modelling
ii. Focused solely on medical diagnosis or clinical outcomes with no behavioral component
iii. Reported long-term adherence trends without modelling short-term behavioral responses
iv. Lacked methodological detail preventing meaningful appraisal
v. Were non-peer-reviewed (e.g., preprints, theses, opinion articles)

These criteria ensured that only studies relevant to the computational prediction of behavioral responses were retained.

8.4 Screening and Filtering Procedures
A four-stage screening protocol was followed to ensure methodological rigor:

Stage 1: Initial Retrieval
All identified search queries were executed across the selected databases. Search results were exported into a document management tool for structured review.

Stage 2: Title and Abstract Screening
Titles and abstracts were independently assessed for thematic relevance to wearable feedback systems and behavioral prediction. Studies clearly outside the scope were removed at this stage.

Stage 3: Full-Text Review
Papers passing the initial screening underwent full-text evaluation. This step involved examining methodological clarity, modelling approaches, dataset size and quality, behavioral variables studied, and relevance to disengagement or compensation behaviors.

Stage 4: Quality Appraisal
Remaining studies were assessed using the CASP checklist and PRISMA-informed criteria to evaluate:
· methodological rigor,
· internal and external validity,
· transparency of reporting,
· appropriateness of evaluation metrics,
· potential sources of bias.

Studies failing to meet these quality standards were excluded to preserve the scientific integrity of the review.


8.5 Consolidation of Final Research Materials
The final set of research materials comprises studies that collectively:
· investigate computational modelling in wearable systems,
· predict behavioral responses including disengagement and compensation,
· address user modelling and adaptive HCI,
· employ machine learning or data-driven predictive approaches.

This curated collection provides a robust empirical foundation for the subsequent synthesis and analysis phases of the review.
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10. Schedule

	ID
	Task Title
	Effort (hours)
	Planned Start
	Planned End
	Actual Start
	Actual End
	Deliverable

	1
	Initial reading and topic scoping
	45
	01/10/25
	08/10/25
	01/10/25
	10/10/25
	Scoped topic & themes

	1.2
	Read general articles on wearable mental-health tools
	10
	01/10/25
	08/10/25
	01/10/25
	03/10/25
	Context notes

	1.3
	List simple search words and phrases to use
	5
	01/10/25
	01/10/25
	01/10/25
	01/10/25
	Keyword list

	1.4
	Try searches in databases and adjust filters
	5
	01/10/25
	01/10/25
	01/10/25
	03/10/25
	Refined search plan

	1.5
	Main searches and save promising papers
	15
	01/10/25
	08/10/25
	03/10/25
	10/10/25
	Retrieved PDFs

	1.6
	Skim titles/abstracts & shortlist
	7
	01/10/25
	14/10/25
	04/10/25
	10/10/25
	Shortlisted papers

	1.7
	File and label papers
	3
	08/10/25
	08/10/25
	04/10/25
	10/10/25
	Organized folders

	2
	Focused reading of selected papers
	124
	08/10/25
	11/11/25
	09/10/25
	12/11/25
	Annotated PDFs

	2.1
	Decide on final set of papers
	14
	08/10/25
	21/10/25
	09/10/25
	11/10/25
	Final list

	2.2
	Read disengagement papers & notes
	34
	08/10/25
	28/10/25
	11/10/25
	29/10/25
	Notes (disengagement)

	2.3
	Read compensation papers & notes
	34
	15/10/25
	04/11/25
	18/10/25
	04/11/25
	Notes (compensation)

	2.4
	Read predictive/mixed-focus papers
	26
	22/10/25
	11/11/25
	23/10/25
	12/11/25
	Notes (predictive)

	2.5
	Judge strength/weakness of each study
	16
	05/11/25
	11/11/25
	10/11/25
	12/11/25
	Appraisal summaries

	3
	Writing main sections of the review
	84
	22/10/25
	25/11/25
	23/10/25
	24/11/25
	Draft sections

	3.1
	Plan detailed outline
	8
	22/10/25
	29/10/25
	23/10/25
	24/10/25
	Outline

	3.2
	Write introduction & background
	20
	22/10/25
	11/11/25
	24/10/25
	12/11/25
	Draft Intro

	3.3
	Write method section
	16
	29/10/25
	11/11/25
	30/10/25
	12/11/25
	Draft Method

	3.4
	Write results/synthesis section
	20
	29/10/25
	18/11/25
	30/10/25
	19/11/25
	Draft Results

	3.5
	Write discussion section
	10
	12/11/25
	18/11/25
	13/11/25
	19/11/25
	Draft Discussion

	3.6
	Edit main body
	10
	19/11/25
	25/11/25
	20/11/25
	24/11/25
	Revised core

	4
	Analyzing and interpreting findings
	50
	12/11/25
	02/12/25
	12/11/25
	03/12/25
	Analytical interpretation

	4.1
	Identify themes & patterns
	15
	12/11/25
	25/11/25
	12/11/25
	26/11/25
	Thematic map

	4.2
	Compare models & data sources
	15
	19/11/25
	02/12/25
	20/11/25
	02/12/25
	Comparison table

	4.3
	Link findings to research questions
	10
	26/11/25
	02/12/25
	25/11/25
	03/12/25
	RQ mapping

	4.4
	Consider limitations and meaning
	10
	26/11/25
	02/12/25
	27/11/25
	03/12/25
	Limitations

	5
	Conclusion & recommendations
	24
	26/11/25
	02/12/25
	27/11/25
	03/12/25
	Conclusion draft

	5.1
	Draft conclusion
	9
	26/11/25
	02/12/25
	27/11/25
	03/12/25
	Conclusion

	5.2
	State contributions & answer RQs
	9
	26/11/25
	02/12/25
	28/11/25
	03/12/25
	Contributions

	5.3
	Suggest future work
	6
	26/11/25
	02/12/25
	28/11/25
	03/12/25
	Future work

	6
	Tidying up & submitting the paper
	35
	03/12/25
	09/12/25
	03/12/25
	07/12/25
	Final submission

	6.1
	Get feedback & list changes
	9
	03/12/25
	06/12/25
	03/12/25
	06/12/25
	Change log

	6.2
	Plagiarism check & fixes
	4
	04/12/25
	06/12/25
	04/12/25
	05/12/25
	Plagiarism report

	6.3
	Check citations & references
	6
	06/12/25
	07/12/25
	05/12/25
	05/12/25
	Final Harvard refs

	6.4
	Final language & layout edits
	8
	07/12/25
	08/12/25
	06/12/25
	06/12/25
	Final Edit

	6.5
	Pre-submission checks
	3
	09/12/25
	09/12/25
	07/12/25
	07/12/25
	Checklist

	6.6
	Submit final paper
	5
	09/12/25
	09/12/25
	07/12/25
	07/12/25
	Submitted



11. Gantt Chart

	Task ID
	Task Title
	Effort (hours)
	W1
	W2
	W3
	W4
	W5
	W6
	W7
	W8
	W9
	W10

	1
	Initial reading and topic scoping
	45
	
	
	
	
	
	
	
	
	
	

	1.2
	Read general articles on wearable mental-health tools
	10
	7
	3
	
	
	
	
	
	
	
	

	1.3
	List simple search words and phrases to use
	5
	5
	
	
	
	
	
	
	
	
	

	1.4
	Try out searches in databases and adjust filters
	5
	5
	
	
	
	
	
	
	
	
	

	1.5
	Do main searches and save promising papers
	15
	10
	5
	
	
	
	
	
	
	
	

	1.6
	Skim titles/abstracts and keep or remove papers
	7
	5
	2
	
	
	
	
	
	
	
	

	1.7
	File and label the papers for the review
	3
	3
	
	
	
	
	
	
	
	
	

	2
	Focused reading of selected papers
	124
	
	
	
	
	
	
	
	
	
	

	2.1
	Decide on the final set of papers to include
	14
	
	8
	6
	
	
	
	
	
	
	

	2.2
	Read disengagement papers and take notes
	34
	
	11
	12
	11
	
	
	
	
	
	

	2.3
	Read compensation papers and take notes
	34
	
	5
	10
	15
	4
	
	
	
	
	

	2.4
	Read predictive / mixed-focus papers and take notes
	26
	
	6
	8
	10
	2
	
	
	
	
	

	2.5
	Judge how strong or weak each study is
	16
	
	
	
	
	8
	8
	
	
	
	

	3
	Writing the main sections of the review
	84
	
	
	
	
	
	
	
	
	
	

	3.1
	Plan a detailed outline for the review
	8
	
	
	
	
	8
	
	
	
	
	

	3.2
	Write the introduction and background
	20
	
	
	
	
	14
	6
	
	
	
	

	3.3
	Write the method section for the review
	16
	
	
	
	
	
	12
	4
	
	
	

	3.4
	Write the results / synthesis section
	20
	
	
	
	
	
	10
	10
	
	
	

	3.5
	Write the discussion section
	10
	
	
	
	
	
	
	8
	2
	
	

	3.6
	Edit the main body for flow and word count
	10
	
	
	
	
	
	
	
	8
	2
	

	4
	Analysing and interpreting the findings
	50
	
	
	
	
	
	
	
	
	
	

	4.1
	Pick out main themes and patterns across studies
	15
	
	
	
	
	
	
	7
	8
	
	

	4.2
	Compare different models and data sources
	15
	
	
	
	
	
	
	7
	8
	
	

	4.3
	Link findings back to the research questions
	10
	
	
	
	
	
	
	
	8
	2
	

	4.4
	Think about limits of the evidence and what it means
	10
	
	
	
	
	
	
	
	
	6
	4

	5
	Conclusion and recommendations
	24
	
	
	
	
	
	
	
	
	
	

	5.1
	Draft a short conclusion
	9
	
	
	
	
	
	
	
	2
	5
	2

	5.2
	State contributions and clearly answer the questions
	9
	
	
	
	
	
	
	
	
	5
	4

	5.3
	Suggest future work and practical ideas
	6
	
	
	
	
	
	
	
	
	4
	2

	6
	Tidying up and submitting the paper
	35
	
	
	
	
	
	
	
	
	
	

	6.1
	Get feedback and list changes to make
	9
	
	
	
	
	
	
	
	
	5
	4

	6.2
	Run a plagiarism check and fix any issues
	4
	
	
	
	
	
	
	
	
	
	4

	6.3
	Check in-text citations and reference list
	6
	
	
	
	
	
	
	
	
	2
	4

	6.4
	Do final language and layout edits
	8
	
	
	
	
	
	
	
	
	5
	3

	6.5
	Do final pre-submission checks
	3
	
	
	
	
	
	
	
	
	
	3

	6.6
	Submit the final paper
	5
	
	
	
	
	
	
	
	
	
	5

	
	Total project hours
	362
	35
	40
	36
	36
	36
	36
	36
	36
	36
	35
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