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[bookmark: _Toc223964364]Abstract
The rapid uptake of e-learning, accelerated during the COVID-19 period, has increased reliance on learning management systems (LMSs) for communication and assessment. In discussion-based courses, evaluation is often labour-intensive and partly impression-based, even though LMS platforms record interaction traces and student text that could support more transparent decision making. The literature reviewed in the thesis identified a gap: behavioural logs and semantic information from written responses are frequently treated as separate evidence streams, and multi-dimensional performance is often aggregated through implicit judgement or fragile weighting, with limited robustness checking. To address this, the thesis developed and demonstrated a direction-aware, multi-attribute workflow for teacher-facing decision support. A pseudonymised Moodle forum export (24 students, 576 messages; 17 October–17 November 2024) was cleaned and pseudonymised, transformed into student-level indicators, and organised as an Object–Attribute Matrix with explicit benefit/cost directionality. Topic alignment was operationalised as cosine similarity of sentence embeddings and used as one bounded attribute rather than a correctness proxy; an auxiliary AI-involvement score was included only as a probabilistic, supportive indicator under a non-punitive interpretation boundary. Evidence was rank-transformed and aggregated with COCO Y0 similarity analysis tool under a constant baseline (Y = 1000), producing an explainable, anti-discriminative ordering and attribute-impact diagnostics, complemented by staircase-based exclusion runs. Empirically, the full run exhibited pronounced “sameness” with large tie groups; exclusion improved discrimination but altered the construct footprint, and objective rankings generally diverged from peer-based evaluations. Internal credibility was examined through inverse-run function-symmetry checks and distorted-input tests that produced expected failure modes under implausible inputs. The end-to-end pipeline was implemented in a Streamlit prototype and released with reproducibility artefacts for instructors and course leaders; the work remained bounded to this cohort and forum-export evidence, and future work prioritises replication across courses, sensitivity analysis of modelling choices, and tie-robust ranking and test automation, and platform integration into existing LMS reporting and analytics workflows.
Keywords: Moodle, learning analytics, student performance evaluation, Object–Attribute Matrix, COCO Y0, similarity analysis, semantic similarity, decision support
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[bookmark: _Toc223964365]1. Introduction
The rapid institutional uptake of e-learning—accelerated during the COVID-19 period—has intensified the use of Learning Management Systems (LMSs) as routine infrastructures for course delivery, communication, and assessment. In such environments, instructors increasingly face a practical tension: student evaluation must remain pedagogically meaningful and fair, yet it is often time-consuming and partly impression-based, especially when courses rely on discussion tasks and open-ended responses. At the same time, LMS platforms such as Moodle generate detailed interaction traces (e.g. logs), including timestamps, reply relations, and student-produced text, which can serve as bounded evidence for decision support if transformed through transparent, auditable rules rather than ad hoc interpretation. This thesis therefore treats Moodle as an evidence environment and develops a reproducible workflow that translates forum-export records into a multi-attribute evidence model for student performance evaluation. The approach integrates behavioural indicators (e.g., activity regularity, response latency, interaction structure) and text-related indicators (e.g., semantic topic alignment) into an Object–Attribute Matrix (OAM), applies explicit directionality rules (0 = ↑ better; 1 = ↓ better), and aggregates the resulting evidence using the COCO Y0 optimisation engine under a constant baseline (Y = 1000, COCO index unit; fixed baseline), complemented by internal verification and robustness tests.
[bookmark: _Toc223964366]1.1. Aims and Objectives
Key definitions used in this subsection. In this thesis, an LMS is an institutional platform that supports course delivery and records interaction traces; Moodle is the LMS used as the study’s data source; learning analytics (LA) is understood as decision support based on learner data; an Object–Attribute Matrix (OAM) is the formal representation where each row is a student (object) and each column is an indicator (attribute); COCO Y0 is a component-based object comparison method operating under a constant target producing an explainable ordering without relying on manually assigned weights; semantic similarity is operationalised as cosine similarity between sentence embeddings to quantify topical alignment of responses.
· Aim A1 (methodological): To develop a transparent, reproducible, log-based evaluation workflow that transforms Moodle forum exports into a construct-explicit indicator system represented as an OAM with explicit directionality rules. Implemented in: §§3.1.1–3.1.5.
· Aim A2 (aggregation): To generate an explainable multi-attribute ordering using COCO Y0 under a constant baseline, including staircase-based diagnostics for identifying weakly informative attributes. Implemented in: §§3.1.6–3.1.8.
· Aim A3 (verification): To strengthen defensibility by integrating internal consistency validation (inverse-run function-symmetry) and robustness probing through deliberately distorted inputs. Implemented in: §§3.1.7–3.1.9.
· Aim A4 (decision-support engineering): To operationalise the pipeline as a teacher-facing prototype that executes the workflow end-to-end, preserves intermediate artefacts for auditability, and documents governance constraints (privacy/ethics/IT security) as design boundaries. Implemented in: §§3.2.1–3.2.11 and §3.2.9.
Operational objectives:
· O1. Define a cohort-level dataset model and pre-processing rules that preserve traceability from raw Moodle rows to student-level indicators (e.g., timestamps, thread structure, reply relations). Implemented in: §§3.1.1–3.1.2.
· O2. Compute and document multiple indicator families (plural → examples): (1) participation intensity indicators (e.g., total posts, active days), (2) temporal indicators (e.g., response-time measures), (3) interaction-structure indicators (e.g., unique discussions), and (4) text-related indicators (e.g., topic relevance, citation count, auxiliary AI signal). Implemented in: §§3.1.3–3.1.5.
· O3. Compare objective COCO-based rankings with a peer-based subjective ranking to characterise agreement/divergence under explicit tie-handling. Implemented in: §3.1.8.4.
[bookmark: _Toc223964367]1.1.1. Hypothesis
The thesis is developed in an R&D format where hypotheses are treated as auditably testable expectations linked to the sections that evaluate them.
· H1 (construct divergence): Objective rankings derived from the log-based, multi-attribute pipeline will exhibit limited monotonic agreement with peer-based subjective rankings, reflecting partially different performance constructs and evidence visibility. Evaluated in: §3.1.8.4 and interpreted in §4.2.4.
· H2 (diagnostic exclusion): Staircase-based exclusion of weakly informative attributes will increase discrimination (i.e., reduce “sameness”/large tie groups) but will also change the construct footprint, so excluded-run outputs must be interpreted as a complementary variant rather than as a definitive correction. Evaluated in: §§3.1.6.3–3.1.8.1 and interpreted in §§4.2.1–4.2.2.
[bookmark: _Toc223964368]1.1.2. Methodology
The thesis follows a research-and-development (R&D) methodology that combines (i) an analytical evaluation workflow and (ii) an engineering realisation as a reference prototype. Empirically, the analysis uses a pseudonymised Moodle discussion-forum export in which each row is treated as a forum-post event and aggregated into student-level indicators (24 students, 12 discussion threads, 576 messages within a defined time window). Methodologically, the pipeline proceeds through (1) extraction, cleaning, and database structuring (SQLite), (2) computation of log-derived behavioural indicators, (3) computation of semantic topic alignment for descriptive responses using sentence embeddings (all-MiniLM-L6-v2) and cosine similarity, (4) computation of an auxiliary AI-involvement signal using a RoBERTa-based detector (used only as bounded decision-support evidence), (5) construction of the OAM with explicit directionality and rank transformation for cross-attribute comparability, and (6) COCO Y0 execution under a constant baseline with staircase diagnostics and re-runs. Reliability is treated as internal consistency and sensitivity, not supervised predictive accuracy: inverse-run function symmetry provides a coherence check, while deliberately distorted inputs probe failure modes (unstable vs degenerate outputs). Finally, the pipeline is operationalised in a Streamlit prototype that exposes intermediate artefacts (OAM, ranked OAM, COCO tables, validation outputs) to support instructor-facing auditability.
[bookmark: _Toc223964369]1.2. Tasks
· Task T1 (data and governance preparation): Acquire, anonymise, and structure the Moodle discussion export for traceable processing (including consistency checks and local storage). Performed in: §§3.1.1–3.1.2.
· Rationale: without a traceable and governance-aware data foundation, subsequent indicators are neither reproducible nor defensible.
· Task T2 (indicator construction): Define and compute the indicator catalogue (A1–A29) and construct the OAM with explicit directionality rules (0↑/1↓). Performed in: §3.1.5.
· Rationale: explicit construct meaning and directionality are required to avoid implicit value choices hidden in ad hoc scoring.
· Task T3 (text evidence extraction): Implement semantic similarity for descriptive answers and compute student-level topic relevance; implement the auxiliary AI-involvement indicator as bounded evidence. Performed in: §§3.1.3–3.1.4.
· Rationale: discussion tasks require content-sensitive evidence (e.g., topical alignment), but such signals must be bounded and integrated as one attribute among many.
· Task T4 (multi-attribute aggregation): Rank-transform the OAM and execute COCO Y0 under a constant baseline; perform staircase diagnostics and exclusion-driven re-runs. Performed in: §§3.1.5.3–3.1.6.3 and consolidated in §3.1.8.
· Task T5 (quality assurance): Perform inverse-run function-symmetry validation and distorted-input verification tests to characterise internal consistency and failure modes. Performed in: §§3.1.7–3.1.9.
· Task T6 (human comparison): Compare objective rankings with peer-based subjective evaluation using tie-aware harmonisation and Spearman correlation. Performed in: §3.1.8.4.
· Rationale: the thesis explicitly investigates whether and how objective evidence diverges from subjective judgement in the same cohort.
· Task T7 (prototype implementation): Implement the end-to-end workflow as a Streamlit-based demo tool with persisted artefacts and documented governance constraints. Performed in: §3.2 (incl. §3.2.9).
[bookmark: _Toc223964370]1.3. Targeted groups
This thesis targets the following stakeholder categories:
1. Course-level instructors and lecturers (Moodle forum–based teaching): They face time pressure and interpretive uncertainty when evaluating discussion participation and open-ended responses; the thesis outputs support structured review and auditability rather than automated judgement.
2. Course leaders/programme coordinators (quality assurance and consistency): They require defensible, reproducible evaluation procedures across cohorts and teaching teams; the OAM + COCO framing supports transparent criteria documentation and comparability within defined contexts.
3. Institutional e-learning/learning-analytics support units (implementation and governance): They must operationalise analytics under GDPR/ethics constraints and ensure traceability of outputs; the prototype documents local-first storage, artefact retention, and governance boundaries as design elements.
4. Educational researchers and method developers (evaluation methodology): They may reuse the reproducible pipeline artefacts (OAM definitions, validation logic, robustness tests) as a reference implementation for similar log-based evaluation contexts.
[bookmark: _Toc223964371]1.4. Utilities
This thesis operationalises Moodle forum exports as auditable decision-support evidence for performance evaluation: log- and text-derived indicators are formalised in an Object–Attribute Matrix (OAM) with explicit directionality rules and aggregated using COCO Y0, while a Streamlit prototype executes the workflow end-to-end and preserves intermediate artefacts for inspection and reporting (§§3.1–3.2).
The core utility is therefore not “automated judgement”, but measurable reductions in evaluation workload and increased transparency and defensibility for stakeholders who must justify assessment decisions.
[bookmark: _Toc223964372]1.4.1. Stakeholder groups and value types
The project creates value for the following stakeholder groups (aligned with §1.3 and the system scope of §§3.1–3.2):
Instructors/lecturers (primary users): operational and economic value via time savings in evidence extraction, indicator computation, and documentation; educational value via faster, more consistent feedback.
Course leaders/programme coordinators (quality assurance): operational value via comparability and audit trails across courses; economic value via reduced moderation and dispute-handling time.
Institutional e-learning/learning-analytics support units: technological and operational value via a reproducible pipeline that reduces ad hoc scripting and supports governance-by-design (local-first storage, artefact retention).
Students (affected group): educational and social value via increased transparency (clearer evidence basis), faster feedback cycles, and reduced administrative friction in clarifications/appeals.
Educational researchers/method developers: technological value via a reusable workflow (OAM construction, validation, robustness logic) that shortens repeated data-preparation cycles.
[bookmark: _Toc223964373]1.4.2. Quantitative value estimation and assumptions
The following estimates use a generalised “typical course” scale: 
Moodle-based course with N = 100 enrolled students and discussion-based evaluation over one semester. Values scale approximately linearly with N and with the number of courses.
A consolidated reference table for recurring units, scales, and coding conventions used across the thesis is provided in Annex §8.5, Table 8.5- II.
Key parameters (sources + conservative choices):
Labor cost basis (Hungary): €14.1/hour (Eurostat European Commission, 2025).
Instructor time baseline anchor: online teaching studies report substantial grading and discussion-forum time investments (e.g., discussion facilitation and grading/feedback components).
Student time valuation (minimum-wage proxy): 1,856 HUF/hour (Magyarország Kormánya, 2025), converted using ECB EUR/HUF reference rate (25 Feb 2026: 1 EUR = 375.88 HUF (European Central Bank, 2026)):  €4.94/hour.
Optional hosting overhead (if not fully local): AWS LightSail entry instance $5/month (Amazon Web Services, 2026).
	Stakeholder group
	Benchmark (before) Costs
	Benchmark (before) Economic value*
	Post-project (after) Costs
	Post-project (after)  Economic value
	Net added value (after–before)

	Instructors / lecturers
	47.7 h × €14.1 = €672
	€ 672
	29.0 h × €14.1 = €409
	€ 672
	€ 263

	Course leaders / QA
	2.0 h × €14.1 = €28
	€ 28
	1.0 h × €14.1 = €14
	€ 28
	€ 14

	E-learning / LA support
	2.0 h × €14.1 = €28
	€ 28
	0.8 h × €14.1 + €1.7 hosting-share = €13
	€ 28
	€ 15

	Students (cohort of 100)
	admin friction 0.10 h/student × €4.94 = €49
	productive use of feedback 1.0 h/student × €4.94 = €494
	admin friction (0.07 h/student incl. brief orientation) × €4.94 = €35
	improved feedback uses 1.2 h/student × €4.94 = €593
	€ 114

	Researchers (per study/course reuse)
	40 h × €14.1 = €564
	€ 564
	22 h × €14.1 = €310
	€ 564
	€ 254


[bookmark: _Toc223898739]Table 1.4- I Two-layer economic analysis per stakeholder group (per semester; per typical course; currency: EUR) (Source: Own presentation)
Notes (hour derivations): 
47.7 h (instructors, benchmark) = (100 students × 10 graded posts × 2.5 min)/60 + 6.0 h overhead (export, evidence compilation, clarifications).
29.0 h (instructors, post-project) = (100 × 10 × 1.5 min)/60 + 4.0 h reduced overhead due to automated OAM/COCO reporting.
2.0 h → 1.0 h (QA) = 4 checkpoints/semester × (30 min → 15 min) for sampling, consistency checks, and brief dispute review.
2.0 h → 0.8 h (LA support) = 4 support cases/semester × (30 min → 12 min) for export/configuration help under a repeatable workflow.
Assumption logic:
Instructor time decreases because the prototype automates log ingestion, indicator extraction, OAM construction, rank transformation, COCO execution, and exportable reporting (§§3.1–3.2).
QA and support time decreases because intermediate artefacts and outputs are preserved and exportable, reducing manual evidence reconstruction and ad hoc processing (§3.2.1, §3.2.9).
Student value increases modestly because faster and clearer evidence improves the efficient use of feedback and reduces clarification overhead (modelled via small time shifts valued at a minimum-wage proxy).
	Item
	Per-course added value (€)
	Courses/semester
(count)
	Semester added value (€)

	Instructor time savings
	263
	50
	13,150

	QA time savings
	14
	50
	705

	E-learning/LA support savings (incl. one shared small hosting instance)
	15
	50
	750

	Student time/value gain
	114
	50
	5,700

	Total (order-of-magnitude)
	 
	 
	~20,300


[bookmark: _Toc223898740]Table 1.4- II Example scaling to an institution (illustrative; 50 similar courses) (Source: Own presentation)
(If the tool is run fully locally, the small hosting overhead can be removed; if the institution has larger cohorts or more discussion-based courses, totals increase proportionally.)
[bookmark: _Toc223964374]1.4.3. Analytical interpretation and overall impact
Across stakeholder groups, the dominant measurable benefit is labour-time reallocation: instructors and support roles spend fewer hours on evidence extraction and documentation while preserving (or improving) traceability of the evaluation basis through stored intermediate artefacts and exportable outputs (§§3.1–3.2).
The quantitative tables therefore represent a conservative lower bound of economic value because they monetise only time effects under publicly reported labour-cost proxies, not downstream gains such as reduced conflict escalation, improved trust, or improved governance readiness.
At societal level, the main impact is procedural fairness and transparency: by treating Moodle as an evidence environment and keeping evaluation outputs auditable (rather than opaque or purely impression-based), the approach supports less discriminatory assessment practices and clearer accountability boundaries for algorithmic decision support in education (§2 and §3).
[bookmark: _Toc223964375]1.5. Motivation
This thesis is motivated by a concrete educational evaluation situation encountered in an IT-course discussion task: students solved structured forum-based tasks and then conducted peer evaluation in the classroom, after which the corresponding Moodle export was used to perform objective log-based analysis and compare outcomes to subjective judgement. This sequence exposed both the potential of trace evidence (repeatability, auditability) and the limitations of impression-based evaluation when the evidence basis is not explicit. The project therefore pursues a pragmatic goal: to reduce evaluation friction and increase transparency by converting Moodle discussion traces into a documented, reproducible workflow and an executable prototype, while maintaining strict scope boundaries so that outputs remain decision support rather than automated judgement.
[bookmark: _Toc223964376]1.6. Structure of the thesis
The thesis is organised to keep methodological justification logically prior to implementation and interpretation. Chapter 2 defines the theoretical and methodological foundations needed to read the pipeline correctly: learning analytics as decision support (§2.1), Moodle as evidence environment (§2.2), log-based modelling under validity and GDPR constraints (§2.3), evaluation theory and governance boundaries (§2.4, §2.7), similarity analysis for descriptive text with explicit validity limits (§2.5), multi-attribute evaluation and weight-avoidance via COCO (§2.6), AI detection as bounded auxiliary evidence (§2.8), and the integrated gap addressed by the thesis (§2.9). Chapter 3 presents the own developments: the analytical process (§3.1) and the automation/prototype implementation (§3.2), including validation and robustness procedures. Chapter 4 interprets results and explicitly revisits promised limitations and governance risks, including “sameness,” directionality assumptions, and misuse boundaries. Annexes provide reproducibility artefacts (spreadsheets, exports, documentation), consistent with the thesis’ claim that the workflow is auditable and repeatable.
Volume-limited items: Some production-level features are intentionally out of scope for a bachelor thesis prototype (e.g., full institutional authentication/authorisation, consent-management workflows, and fully automated staircase-exclusion inside the UI); these are documented as limitations (§3.2.11) and positioned for future work.
Formatting and symbol conventions used throughout:
· “§x.y” denotes a section reference used to verify promises and tasks.
· Attributes are referenced as A1–A29, with direction codes 0 = ↑ (benefit-type) and 1 = ↓ (cost-type) as defined in §3.1.5.
· Equations are referenced as Equation I, Equation II,…, and tables/figures as Table x.y-z / Figure x.y-z.
Units, scales, and coding notes used in the quantitative parts of the thesis
A consolidated reference table for recurring units, scales, and coding conventions used across the thesis is provided in Annex §8.5, Table 8.5- II.
[bookmark: _Toc223964377]2. Literature
Chapter 2 establishes the theoretical and methodological foundations required to understand and justify the evaluation pipeline implemented in Chapter 3. It first introduces learning analytics as a decision-support paradigm and clarifies the requirements of interpretability and traceability (§2.1), then positions Moodle as the socio-technical evidence environment from which trace data are extracted (§2.2). Building on this, the chapter explains how LMS traces can be modelled as student-level indicators under validity and GDPR/ethics constraints (§2.3), and situates these indicators within educational evaluation theory to motivate transparent, multi-dimensional measurement rather than single-score judgement (§2.4). It then reviews similarity analysis for open-ended educational text (§2.5) and formalises how heterogeneous evidence can be represented and aggregated through multi-attribute evaluation without arbitrary weighting (§2.6). The chapter further frames the work as algorithmic decision support that must remain auditable and governance-compliant (§2.7), addresses AI-detection as a bounded auxiliary signal under fairness and due-process risks (§2.8), and synthesises the resulting gap and thesis contributions (§2.9). Finally, §2.10 maps programme subjects to the concrete competencies operationalised in the thesis artefact, strengthening curriculum traceability and scope transparency.
[bookmark: _Toc222657632][bookmark: _Toc223964378]2.1. Learning Analytics
This section introduces learning analytics (LA) as a decision-support approach for using learner data to improve learning and learning environments. It first outlines the conceptual foundations of LA, including the learning analytics cycle and the requirements of interpretability and traceability (§2.1.1). It then reviews two practical strands—early-warning interventions and didactic reflection—showing how LA outputs become educationally meaningful when they support action rather than isolated scoring (§2.1.2). This framing establishes why the thesis treats Moodle traces as bounded evidence and implements a reproducible workflow in §3. Clow  (2013) note that “Learning analytics, the analysis and representation of data about learners in order to improve learning, is a new lens through which teachers can understand education.” (p. 683).
[image: A diagram of a learning analytics cycle
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[bookmark: _Ref223343221][bookmark: _Toc223096843][bookmark: _Toc223362980]Figure 2.1- I The learning analytics cycle. Source: Adapted from (Clow, 2013). February, 01, 2026, from https://doi.org/10.1080/13562517.2013.827653
As shown in Figure 2.1- I, the learning analytics cycle links learners, data, metrics, and intervention in a feedback loop. Accordingly, this thesis requires indicators to remain traceable to Moodle activity to support instructor review.
[bookmark: _Toc223964379]2.1.1. Conceptual foundations
Learning analytics (LA) is commonly defined as the measurement, collection, analysis, and reporting of data about learners and their contexts, with the purpose of understanding and improving learning and the environments in which it occurs. In this view, LA is not merely “data reporting”; it is a decision-support approach that becomes educationally meaningful only when analytics outputs can inform reflection or action. Clow (2013) emphasizes that “the measurement, collection, analysis and reporting of data about learners and their contexts, for purposes of understanding and optimising learning and the environments in which it occurs.” (p. 685). 
A central conceptual model in LA is the learning analytics cycle, which frames analytics as a feedback loop: learners generate data, data are processed into metrics, and metrics inform interventions that subsequently influence learner behaviour and outcomes. This cycle highlights two implications that are directly relevant for system design: (i) metrics should be interpretable enough to support decisions, and (ii) the analytic workflow must preserve traceability so that stakeholders can connect an output back to its data-generating activities. Clow (2013) also notes that LA draws on a “toolbox” of methods (e.g., web log analysis, predictive modelling, natural language processing), which supports practical adoption but requires explicit assumptions and validation logic to remain interpretable and auditable.
[bookmark: _Toc223964380]2.1.2. Practical applications
In practice, a widely deployed LA use case is early warning / early intervention, where institutions combine performance and engagement signals to identify students who may be at risk and then communicate supportive actions. “Course Signals” illustrates this approach: the system integrates multiple data streams—including course performance, prior academic history, and effort measured through interaction with the learning system (LMS)—to generate risk statuses that are communicated to students via simple, interpretable signals (e.g., traffic-light indicators) and instructor messaging (Arnold & Pistilli, 2012). Importantly, this example shows LA as intervention-oriented: analytics is valuable because it enables feedback loops, not because it produces a score in isolation (Clow, 2013). Arnold & Pistilli (2012) note that “Course Signals relies not only on grades to predict students’ performance, but also demographic characteristics, past academic history, and students’ effort as measured by interaction with Blackboard Vista, Purdue’s learning management system.” (p. 267).
A second practical strand concerns didactic reflection using platform-generated traces, especially in blended learning contexts where meaningful learning activities occur across online and face-to-face components. Yang (2023) states that “However, the LA results are rarely used for didactic reflection in foreign language teaching practice.” (Abstract, para. 1). Using a blended language course as the context, the study highlights how platform traces (e.g., login frequency, resource access, forum/discussion contributions, response times) can be interpreted to characterize online learning behaviour and to inform instructional redesign. This perspective is relevant for theses that rely on LMS logs because it legitimizes trace data as evidence for analysing participation patterns—while also implying that interpretation must remain cautious: trace intensity does not automatically equal learning quality. 
Implications for this thesis
Based on the above, the thesis operationalises learning analytics as a reproducible, log-based feedback workflow by extracting Moodle discussion traces, transforming them into interpretable indicators, and presenting results as transparent outputs for educator review, implemented in §§3.1.1–3.1.2 and automated in §3.2.3.
The expected benefit is a consistent and auditable evidence pipeline aligned with the LA cycle (data → metrics → interpretation). The main limitation is constructing risk: activity traces and derived indicators may reflect participation volume more strongly than learning quality, which must be revisited critically in §4 (Discussion). 
[bookmark: _Toc222657633][bookmark: _Toc223964381]2.2. E-Learning Systems and Moodle
[bookmark: _Toc222657634]This section introduces e-learning systems—most commonly implemented as Learning Management Systems (LMS)—as socio-technical infrastructures that integrate content delivery, communication, assessment, and course administration within a single platform. Murtaza et al. (2022) notes that “The intrinsic features of adaptivity and adaptability require robust and continuous collection of data. In addition to assessments’ results from learners, other attributes such as usage patterns and learning trends may also be important for determining similarities among learners.” (p. 81325). Accordingly, an LMS is treated here not only as a delivery channel but as an evidence environment that records observable learner–system interactions and enables analysis and decision support (Murtaza et al., 2022).
[bookmark: _Toc223964382]2.2.1. Moodle as an LMS
Moodle is a widely used open-source Learning Management System (LMS), typically deployed at institutional scale to support multiple courses, user roles, and learning workflows. “Moodle is a Learning Management System (LMS) designed to provide educators, administrators and learners with a single robust, secure and integrated system to create personalised learning environments.” (Moodle, 2025, What is Moodle?, para. 1). At the course level, Moodle provides structured spaces for learning materials, assignment submissions, quizzes, grading, and discussion forums (Moodle, 2025). Historically, web-based LMS platforms became widespread from the mid-1990s, consolidating course communication and activity management (including discussion forums) into online environments and thereby enabling systematic collection of interaction traces as a normal feature of digital learning (Bates, 2015). (Bates (2015) notes that “By 1995, the Web had enabled the development of the first learning management systems (LMSs), such as WebCT, which later became Blackboard” (“6.2.4.3 Çevrimiçi öğrenme ortamları,” para. 1; my translation). From an analytics perspective, these tools matter because they generate event-level traces that can later be aggregated into student-level indicators (e.g., participation intensity, response timing, interaction structure, and text production). This aligns with the general learning analytics assumption that as learning shifts into digital environments, interactions can, in principle, be recorded and used to understand and optimize learning processes (Clow, 2013).
In the Kodolányi János University context, Moodle is described as the central e-learning platform, with course/user synchronization connected to the university registry and integrated delivery functions (e.g., online learning materials, tasks, exams, and webinar integration). Kodolányi János Egyetem (2025) states that “Kodolányi University uses the Moodle LMS as its e-learning system, where each course has its own interface with additional content uploaded by instructors (e.g., notes, assignments)” (“Moodle LMS,” para. 1; my translation). Such institutional integration implies that Moodle becomes a default infrastructure for learning activity, not merely an optional add-on (Kodolányi János Egyetem, 2025). This institutional role became especially salient during emergency remote teaching periods, where online platforms were used to sustain continuity of instruction, although practical constraints remained for studio-based or equipment-intensive learning formats (Virágh, 2020). Kodolányi János University (2023) notes that “Following the online part of the program, in May we met with the students from Portugal, Poland, and Bulgaria face-to-face at our university and instantly had exciting conversations with them” (“Involvement of Hungarian KJU students in the Erasmus+ Blended Intensive Program,” para. 2). KJU also engages in blended learning formats that combine online and face-to-face phases (e.g., Erasmus+ blended intensive programmes), reinforcing that digital platforms and trace-generating activities form a routine part of students’ learning experience (Kodolányi János University, 2023).
[bookmark: _Toc222657635][bookmark: _Toc223964383]2.2.2. Platform analytics vs. research/assessment analytics
A key distinction for this thesis is the difference between (a) platform-native analytics designed for operational monitoring inside Moodle, and (b) external, auditable analytics performed by exporting data and applying explicit models outside the platform. Moodle provides a dedicated Analytics subsystem intended to move beyond descriptive reporting toward predictive and actionable insights. “Moodle provides a variety of built-in reports based on log data, but they are primarily descriptive in nature—they tell participants what happened, but not why, and they don't predict outcomes or advise participants how to improve outcomes.” (Moodle, 2024, Analytics vs. reporting, p. 1). According to Moodle’s documentation, the Analytics framework supports both machine-learning and static (rule-based) models, including built-in options such as identifying “students at risk of dropping out” and detecting “upcoming activities due,” and it can trigger notifications to support timely intervention. The framework is also presented as extensible, allowing customization and new indicators through an API (Moodle, 2024). At the same time, Moodle’s documentation notes that machine-learning analytics models must be trained on site data before predictions are possible, and that model selection should align with institutional educational priorities (Moodle, 2024).
For a thesis that aims to justify evaluation decisions, these characteristics have methodological consequences: platform analytics may be useful for day-to-day support, but thesis-level evaluation typically requires (i) transparent feature definitions, (ii) reproducible pre-processing, and (iii) outputs that can be validated and critiqued independently of the LMS user interface or configuration. Therefore, a common research strategy is to treat the LMS as the data source while conducting the evaluation logic externally, where data transformations and model behaviour can be documented and tested.
[bookmark: _Toc222657636][bookmark: _Toc223964384]2.2.3. Implications for educational measurement in Moodle-based courses
Using Moodle traces for educational evaluation is attractive because discussion forums and online tasks combine behavioural engagement signals (e.g., timing, frequency, reply structure) with artifact-based signals (e.g., the content of the text itself). Motz et al. (2019) note that  “it remains unclear whether LMS activity indeed reflects behavioural properties of student engagement, and it also remains unclear how to deal with variability in LMS usage across a diversity of courses.” (p. 300). In practice, however, the presence of rich trace data does not automatically guarantee valid measurement: platform logs reflect what the system can record, and what the course design incentivizes students to do. For example, gamified or highly structured courses may increase measurable activity without necessarily increasing conceptual understanding, while minimal platform usage may reflect pedagogy rather than disengagement. Majorosi et al. (2016) state that “Gamification should be regarded rather as an effective tool and not as entertainment” (p. 54; my translation). This is consistent with KJU-oriented discussions emphasizing that digitalization and platform-based learning elements influence motivation and satisfaction, but they must be treated as professional pedagogical tools rather than “just for fun” engagement mechanics (Majorosi et al., 2016).
In addition, Moodle activity levels can be shaped by learners’ external digital conditions, not only by motivation or learning quality. Malatyinszki (2022) notes that, “With the onset of the virus situation, families were forced into their homes, so family members had to share assets, both in space and time” (p. 68); accordingly, participation in online work and education during the pandemic was shaped not only by personal engagement but also by the availability of technological resources, domestic space, shared time, and digital awareness. Therefore, low trace intensity should not automatically be interpreted as low effort; it may also reflect socio-technical constraints that the LMS cannot observe directly.
In short, Moodle can support data-informed education, but turning Moodle traces into defensible evaluation requires careful design: (i) define indicators that correspond to educational constructs (e.g., diligence vs. understanding), (ii) document pre-processing so indicators are reproducible, and (iii) interpret outcomes as decision support rather than as automated “final judgement.”
Implications for this thesis
Based on the above, the thesis operationalizes the LMS “evidence environment” by extracting Moodle forum export data and transforming event-level records into a structured database, implemented in §3.1.1–§3.1.2 (raw Moodle dataset → cleaning → SQLite). The expected benefit is a transparent and reproducible basis for computing student-level indicators before applying multi-attribute evaluation and validation. The main limitation is that LMS traces are shaped by platform configuration and course design (what gets recorded, and what students are asked to do), which must be treated as an interpretive risk and revisited in §4.
[bookmark: _Toc222657637][bookmark: _Toc223964385]2.3. Log-Based Student Modelling 
[bookmark: _Toc222657638]This section introduces log-based student modelling as the transformation of LMS interaction traces into interpretable indicators of learner behaviour. Motz et al. (2019) note that “Learning management system (LMS) web logs provide granular, near-real-time records of student behaviour as learners interact with online course materials in digital learning environments.” (p. 300). Because Moodle logs record time-stamped actions rather than learning itself, the central methodological task is to define construct-aligned variables (e.g., timeliness, participation regularity, interaction structure) while acknowledging that such variables remain proxies. The literature reviewed here motivates why pre-processing decisions (event selection, aggregation level, missingness rules) must be explicit to ensure reproducibility and defensible interpretation. The section concludes by positioning log-derived indicators as one evidence stream that later becomes formalised into an Object–Attribute representation. §§3.1.2–3.1.5 (Motz et al., 2019).
[bookmark: _Toc223964386]2.3.1. From LMS traces to student models
Log-based student modelling refers to constructing interpretable indicators about learners from the digital traces they leave while interacting with a Learning Management System (LMS), e.g., Blackboard, Canvas, or Moodle (Motz et al., 2019; Park & Jo, 2016). Motz et al. (2019) note that “Learning management system (LMS) web logs provide granular, near-real-time records of student behaviour as learners interact with online course materials in digital learning environments.” (p. 2). Typical traces include timestamps, tool-use events, forum actions (posting, replying, reading), and navigation or submission patterns (Agudo-Peregrina et al., 2014; Kadoic & Oreski, 2018). Importantly, log events are not “learning” by themselves; they are observable proxies that can be aggregated into variables intended to approximate constructs such as participation, persistence, timeliness, and interaction structure (Motz et al., 2019).
A practical advantage of Moodle-based environments is that the LMS log infrastructure records fine-grained, time-stamped events that can be transformed into student-level variables. For example, Moodle logs can be used to derive behaviour indicators and examine their association with academic outcomes, although such relationships are shaped by course design and therefore require cautious interpretation (Kadoic & Oreski, 2018).
A recurring finding is that the meaning of trace activity is context dependent. Using log data from multiple courses, (Agudo-Peregrina et al., 2014) show that some interaction categories relate to academic performance in fully online settings, while the same categories may have weak or non-significant relations in VLE-supported face-to-face contexts. This implies that “activity” is not a universal construct: the same interaction count may indicate learning engagement in one setting, but routine compliance or administrative behaviour in another (Agudo-Peregrina et al., 2014).
Large-scale validation work reinforces this caution. Motz et al. (2019) examine LMS activity logs as measures of engagement and conclude that log features can be useful, but there is no one-size-fits-all mapping from “clicks” to “engagement,” because course design and tool-use norms shape what counts as behavioural evidence. Consequently, log-based student modelling should justify indicator meaning within the specific course and task context rather than importing generic dashboards as universal measures (Motz et al., 2019).
[bookmark: _Toc222657639][bookmark: _Toc223964387]2.3.2. Modelling choices: what counts as “evidence”?
Because log variables are proxies, modelling requires explicit decisions about (i) construct definitions, (ii) feature engineering, and (iii) aggregation level (event → session → student → cohort). (Park & Jo, 2016) demonstrate a pragmatic approach by deriving general indicators (e.g., logins) and activity-based indicators (patterns across LMS functions), then interpreting these patterns through activity theory to explain how institutional rules, tools, and divisions of labour shape observable behaviour. “Through data pre-processing, general indicators reflecting login frequencies […] and activity-based indicators presenting the activation […] of diverse functions provided by Moodle were derived.” (Park & Jo, 2016, p. 2). Their work illustrates a key methodological point for this thesis: log variables only become evidence after transparent pre-processing and a defensible interpretation frame are specified (Park & Jo, 2016).
Similarly, Agudo-Peregrina et al. (2014) emphasises that even the basic unit of log data—an interaction—requires classification, because platforms differ in tools and event semantics. Agudo-Peregrina et al. (2014) state that “The most basic unit of learning data in virtual learning environments for learning analytics is the interaction, but there is no consensus yet on which interactions are relevant for effective learning” (p. 542). Their system-independent categorisation approach still yields context-driven differences across modalities, supporting a conservative modelling stance: the model should document what is counted, how it is aggregated, and why it is theoretically relevant, rather than treating raw counts as self-explanatory (Agudo-Peregrina et al., 2014).
In Moodle-specific work, the feasibility of modelling student behaviour directly from Moodle logs is demonstrated through extraction and aggregation strategies that connect trace variables to course outcomes, while also acknowledging that results may not generalise across different course structures (Kadoic & Oreski, 2018). This further motivates the thesis design choice to define indicators explicitly and interpret them within the local instructional context, rather than treating log-derived metrics as universally valid.
[bookmark: _Toc222657640][bookmark: _Toc223964388]2.3.3. Validity and limitations: logs as imperfect proxies
A central methodological risk is constructing validity. High activity may reflect engagement, but it can also reflect confusion, inefficient navigation, or platform-driven compliance. In a foundational overview, Clow (2013) warns that learning analytics can become “data-led” in an uncritical way—treating available traces as automatically meaningful—unless indicator selection is grounded in theory and linked to plausible mechanisms of learning. For log-based student modelling, this implies that each indicator should (a) state the construct being approximated, (b) justify directionality (what is “better”), and (c) avoid overclaiming that traces directly measure learning. Motz et al. (2019) note that “there is not a single generic relationship between activity and engagement, and what constitutes the behavioural components of “engagement” will be contingent on course structure.” (p. 2).
Kadoic & Oreski (2018) explicitly caution that “However, this cannot be generalized because the research was conducted in only one course” (p. 734). This caution is consistent with Moodle log studies that relate trace variables to student success: log–outcome associations can be informative but remain dependent on context and course implementation details, which limits generalization and increases the need for careful interpretation (Kadoic & Oreski, 2018).
A second limitation concerns process versus outcome. Traditional assessment often focuses on final products, whereas logs can capture intermediate learning processes. Buckley et al. (2006) illustrate how log files can support in-situ performance assessment of inquiry processes by tracking learner interactions within modelling tools. At the same time, their work highlights a practical constraint: meaningful process evidence requires careful task design and instrumentation, not merely exporting a log table (Buckley et al., 2006).
[bookmark: _Toc222657641][bookmark: _Toc223964389]2.3.4. Privacy, ethics, and GDPR constraints on log-based modelling
Because LMS logs are typically personal data (or become personal data once linkable), log-based modelling must operate under explicit governance constraints. Teresa & McGrath (2021), in a systematic review of empirical ethics research in learning analytics, identify transparency, privacy, and informed consent as recurring ethical areas, and they note that analytics-driven interventions require additional scrutiny.  National Forum for the Enhancement of Teaching and Learning in Higher Education (2018)state that “Processing means working with data in any way. It includes collecting, recording and storing data” (p. 1).
From a student perspective, privacy concerns shape trust and willingness to participate. Mutimukwe et al. (2021) frame these concerns in learning analytics through perceived vulnerability and perceived control, and warn that “The consequences of such concerns could range from individuals declining or refusing to disclose personal information, and/or mistrust in online services” (p. 2); this indicates that governance is not merely a matter of legal compliance, but also a condition for legitimacy.
For GDPR-aligned practice, National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018) highlights operational requirements such as a lawful basis, purpose limitation, transparency, and data minimisation. For this thesis, this implies: (i) using only variables necessary for the defined evaluation purpose, (ii) anonymising or pseudonymising early in the pipeline, and (iii) documenting retention and access boundaries (National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018).
Implications for this thesis
Based on the above, the thesis operationalizes log-based student modelling by extracting Moodle discussion/activity traces at the student level, transforming them into a defined attribute catalogue (A1–A29) with explicit meaning and directionality, and using these indicators as the evidence base for the evaluation pipeline in §3.1.1–§3.1.2 and the automated workflow in §3.2.3. Moodle log studies demonstrate that such traces can be aggregated into indicators that relate to student success, but they also highlight context dependence and limited generalizability (Kadoic & Oreski, 2018), therefore, the thesis treats indicators as proxies and reinforces interpretation through robustness checks in §3.1.9 and governance safeguards in §3.2.9, with limitations revisited in §	4.
[bookmark: _Toc222657642][bookmark: _Toc223964390]2.4. Assessment and Evaluation Theory in Education
[bookmark: _Toc222657643]This section frames student evaluation as both a measurement problem and a judgement problem, where “objectivity” depends on making value choices explicit rather than claiming to eliminate them “We recognize there is no single determination of worth for any educational endeavour. Worth is complex and personal.” (Page & Stake, 1979, p. 47). It establishes why performance in LMS-supported contexts is typically multidimensional and why single-score evaluation is fragile, especially when trace data can amplify superficial activity. The review emphasises traceability and accountability: an evaluation is academically defensible only if its criteria, directionality, and aggregation logic can be inspected and critiqued (Page & Stake, 1979). These principles directly motivate the thesis approach in §3, where evaluation is implemented as a transparent multi-attribute workflow with validation steps, rather than as an opaque scoring system.
[bookmark: _Toc223964391]2.4.1. Why evaluation is inherently value-laden
Educational evaluation is not only measurement; it is a judgement of worth under an explicit or implicit value system. (Page & Stake, 1979) frame this as a structural tension: objective measurement supports comparability and disciplined reasoning, yet subjective judgement remains unavoidable because evaluators must decide which properties matter and what standards apply. The implication for this thesis is direct: an automated workflow does not eliminate subjectivity; it relocates it into (i) attribute selection, (ii) directionality settings, (iii) aggregation rules, and (iv) interpretation of results. Therefore, evaluation quality depends on making those value choices explicit and auditable rather than claiming “pure objectivity”.  Page & Stake (1979) note that “The act of ‘evaluation’ would presuppose some prior system of values; yet any technology of values, or even their place in rational judgment, is given scant attention in the field” (p. 46).
[bookmark: _Toc222657644][bookmark: _Toc223964392]2.4.2. Limits of pre-digital evaluation under LMS conditions
Traditional evaluation approaches (tests, instructor impressions, peer evaluation, end-of-course surveys) often provide limited temporal granularity and weak traceability. In LMS-supported learning, these limitations become more visible because the platform provides fine-grained behavioural records that may diverge from perceptions.Cantabella et al. (2018) states that “In the rest of faculties, we detect that the real number of audio-visual resources uploaded to the LMS is considerably lower than the number stated by lecturers […]” (p. 918). Cantabella et al. (2018) explicitly compare lecturers’ subjective perceptions of LMS activity with objective log-derived indicators and report systematic discrepancies between the two perspectives. Methodologically, this supports analytics-informed evaluation as a corrective lens when decisions rely heavily on impressions rather than recorded evidence. 
In the empirical setting of this thesis, §3 reports a parallel logic on the student side: objective log-based rankings are compared against peer-based subjective evaluations, enabling an explicit analysis of divergence and agreement (see §3.1.8.4). This comparison motivates the thesis’s emphasis on transparent indicators and reproducible evaluation rather than purely impression-based judgement. 
[bookmark: _Toc222657645][bookmark: _Toc223964393]2.4.3. Why multi-attribute and validated evaluation matters
[bookmark: _Toc222657646]Most educational performance constructs are multidimensional: a student may be active but off-topic, timely but shallow, or original but inconsistent. This makes single-metric evaluation fragile and increases fairness risks “It means: the importance of the attributes is a relative phenomenon. The importance of a particular attribute is depending on the set of the given attributes” (Bán et al., 2024, Introduction, para. 1). A defensible response is structured evaluation: separating dimensions (attributes), defining directionality, and combining evidence through transparent rules—paired with validation procedures that test internal consistency and sensitivity to distortions (Bán et al., 2024).
This logic aligns with the thesis methodology in §3, where the evaluation workflow is not treated as a black box: attributes are explicitly defined, results are validated using internal consistency checks, and robustness is examined using deliberately inconsistent/extreme inputs. In evaluation-theoretic terms, the goal is decision support with auditability—structuring judgement—rather than claiming to replace judgement.
[bookmark: _Toc223964394]2.4.4. Responsibility and governance in automated evaluation
When evaluation outputs influence grades, interventions, or student reputation, responsibility increases. (Clow, 2013) stresses that learning analytics should produce actionable intelligence, but also implies that analytics can shape behaviour through the metrics it makes visible, creating unintended consequences if indicators are poorly chosen or interpreted. Therefore, automated evaluation requires both methodological transparency and governance: clear purpose statements, minimisation of collected data, and justification of why specific indicators are necessary. (Clow, 2013) note that “If an educational system is designed to optimise metrics that do not encompass learning, it is likely that learning will be optimised away” (p. 691).
Implications for this thesis
Based on the above, the thesis operationalises educational evaluation as a multi-attribute, auditable decision-support process that contrasts subjective peer evaluation with log-based evidence. This is implemented in §3.1.5–§3.1.8 (OAM construction, COCO processing, and result consolidation) and explicitly compared in §3.1.8.4, while verification/robustness procedures are documented in §3.1.7 and §3.1.9. The expected benefit is improved traceability and reduced reliance on impression-based judgement; the main limitation is that attribute choice and directionality embed normative assumptions and may raise fairness/privacy concerns, revisited in §4 and governed in implementation in §3.2.9. 
[bookmark: _Toc222657647][bookmark: _Toc223964395]2.5. Similarity Analysis for Educational Text
[bookmark: _Toc222657648]This section introduces text similarity as a practical indicator for analysing descriptive student responses in Moodle forums, where multiple valid phrasings may express the same intended concept. A core motivation for similarity-based support in descriptive-answer contexts is automation-oriented evaluation “This paper demonstrates a computational intelligence-based method for automatic evaluation of descriptive answers.” (Bahel & Thomas, 2021, p. 2). It distinguishes lexical overlap from semantic similarity and motivates why embedding-based methods can better capture topical alignment under paraphrase. At the same time, the section sets strict interpretation boundaries: similarity is treated as probabilistic evidence of alignment, not proof of correctness or learning quality. This positioning is essential for reasoning because it clarifies how the thesis later uses similarity as one attribute among many in §3.1.3, rather than a standalone grading mechanism (Bahel & Thomas, 2021).
[bookmark: _Toc223964396]2.5.1. Why “similarity” is a usable signal in educational text
[bookmark: _Toc222657649]In LMS-supported teaching, many learning activities require descriptive student responses (e.g., forum replies, explanations, reflections). In such settings, evaluation often shifts from selecting a single correct option to assessing whether a response meaningfully addresses the intended topic and expected content Bahel & Thomas (2021) note that “Sometimes evaluators are often caught being biased towards some students while evaluating the answers.” (p. 2). This motivates the use of text similarity as a practical operationalisation: estimating how close a student’s response is to a reference text (e.g., an instructor prompt, exemplar answer, or expected concept set) in order to support scalable evaluation of descriptive answers. (Bahel & Thomas, 2021; Rahman & Siddiqui, 2018).
[bookmark: _Toc223964397]2.5.2. Lexical similarity: transparent but brittle
A classical family of approaches represents texts as bags of words (or n-grams) and compares them using measures such as cosine similarity, Jaccard similarity, or n-gram overlap (Rahman & Siddiqui, 2018). (Rahman & Siddiqui, 2018)describe that “The cosine similarity between two documents generates a metric which tells how two documents are related by looking at the angle as a substitute of magnitude.” (p. 2) . 
They also include set-based comparisons (e.g., Jaccard) and structural signals (e.g., bigram similarity), illustrating that similarity can be operationalized along different “angles” of resemblance. 
However, lexical methods are sensitive to paraphrase: two responses can be semantically equivalent yet share few words, especially in authentic student writing. This limits their use when the educational goal allows multiple valid phrasings (common in discussion forums and open-ended prompts). This motivates moving beyond lexical overlap toward semantic similarity.
[bookmark: _Toc222657650][bookmark: _Toc223964398]2.5.3. Semantic similarity: meaning-oriented comparison for open-ended responses
Semantic similarity approaches aim to capture meaning even when wording differs. A common operationalisation is to represent each response as a dense sentence embedding and then compute similarity using cosine distance in vector space. Reimers & Gurevych (2019) state that “we present Sentence-BERT (SBERT), a modification of the pretrained BERT network that use siamese and triplet network structures to derive semantically meaningful sentence embeddings that can be compared using cosine-similarity.” (p. 3982). In automatic descriptive-answer evaluation, (Rahman & Siddiqui, 2018) summarize multiple lines of work showing that the most effective similarity technique depends on the question type, and that methods such as Doc2Vec-based cosine similarity or LSA-based similarity can be useful in different contexts. This is a key lesson for this thesis: similarity is not a universal “grading rule”; it is a context-dependent indicator whose validity depends on task design and interpretation boundaries. 
(Bahel & Thomas, 2021) propose an automated descriptive-answer evaluation architecture using text analysis and a similarity model (MaLSTM), motivated partly by workload and potential bias in manual scoring. They also frame evaluation as multi-feature rather than purely one-dimensional, using multiple components that contribute to scoring. This supports a cautious thesis stance: semantic similarity can be valuable evidence for topical alignment, but robust educational evaluation typically requires additional dimensions (e.g., timeliness, participation structure, correctness checks where possible).
[bookmark: _Toc222657651][bookmark: _Toc223964399]2.5.4. Validity limits
A critical boundary condition is that high similarity does not necessarily imply correctness, and low similarity does not necessarily imply poor understanding. Similarity can be inflated by superficial paraphrase, template-like answers, or overly generic responses; conversely, a correct response may be expressed with uncommon wording, added context, or creative but valid reasoning. (Rahman & Siddiqui, 2018) explicitly note that different similarity techniques vary in effectiveness across question types, reinforcing that “similarity” must be interpreted as probabilistic evidence, not proof. Their prior work explicitly warns that similarity effectiveness is context dependent: “the most effective similarity measure technique depends on the type of question. Based on the question, the effectiveness of similarity measurement techniques is varied.” (Rahman & Siddiqui, 2018, p. 37)
Therefore, thesis-quality use of similarity analysis requires (i) transparent definition of the construct (e.g., topical alignment rather than correctness), (ii) careful pairing of student text to the appropriate reference text, and (iii) embedding similarity into a broader, auditable evaluation design rather than treating it as a standalone grading mechanism.
Implications for this thesis
Based on the above, the thesis operationalizes topical alignment of descriptive forum responses by computing embedding-based semantic similarity score between each student reply and its linked instructor prompt, using cosine similarity as the comparison rule, implemented in §3.1.3. 
The expected benefit is a paraphrase-robust indicator that can scale across many messages and support objective, repeatable analysis in forum-based tasks; the main limitation is validity risk (semantic similarity captures closeness in meaning, not correctness or quality), revisited in §4 and mitigated by treating similarity as one attribute within a multi-attribute evaluation pipeline (see §3.1.5) rather than as a single decisive metric.
[bookmark: _Toc222657652][bookmark: _Toc223964400]2.6. Multi-Attribute Evaluation
[bookmark: _Toc222657653]This section motivates multi-attribute evaluation as the appropriate response to the inherently multi-dimensional nature of LMS-based performance evidence.  It introduces the idea that students (objects) must be compared through a structured set of indicators (attributes), requiring explicit directionality rules (benefit vs. cost) and a defensible aggregation logic. The review also highlights why naïve weighted scoring can embed hidden biases and why anti-discriminative aggregation approaches are attractive when the goal is transparent comparison rather than prediction of an external label (Bán et al., 2024). These arguments prepare the methodological core of §3.1, where evidence is organised into an Object–Attribute Matrix and processed using a reproducible, validation-aware pipeline. “This study proposes a comprehensive model that leverages 29 distinct attributes extracted from Moodle (e-learning platform) log data to provide a multifaceted/objective evaluation of student performance.” (Turtogtokh et al., 2025, Abstract, para. 1)
[bookmark: _Toc223964401]2.6.1. Why multi-attribute evaluation is necessary in LMS-based assessment
In LMS-supported courses, “performance” is rarely one-dimensional. Students may differ simultaneously in participation intensity, timeliness, interaction structure, and the topical relevance of written contributions, meaning that single-indicator evaluation risks oversimplifying complex learning behaviour (Clow, 2013). In a Moodle discussion context, multi-dimensional profiling is practically unavoidable because the available evidence naturally produces multiple indicators (e.g., post/reply activity, time-based patterns, and text-related measures), which motivates multi-attribute evaluation rather than a single composite score (Turtogtokh et al., 2025)[footnoteRef:2]. One recent Moodle-based multi-attribute framework states that  “This research seeks to address these challenges by utilizing Moodle log data, advanced natural language processing (NLP) models, and an anti-discriminative engine to analyze student performance with 29 different attributes that reveal multiple dimensions of student activity.” (Turtogtokh et al., 2025,Introduction, para. 3). [2:  Self-citation note. Turtogtokh et al. (2025) is a peer-reviewed conference proceedings paper co-authored by the thesis author. It is cited only to trace the origin of selected implementation elements reused here (e.g., indicator definitions and validation routines). This bachelor thesis extends that work with a complete end-to-end pipeline, an automated prototype, governance measures, and additional testing evidence (Chapter 3).] 

[bookmark: _Toc222657654][bookmark: _Toc223964402]2.6.2. The Object–Attribute Matrix as the formal representation
A standard representation for multi-attribute evaluation is to define objects (here: students) and attributes (measurable indicators describing each student), then represent the dataset as an Object–Attribute Matrix (OAM) (Pitlik, 2014). Pitlik (2014) defines the OAM as “object–attribute matrix, in other words a learning sample, in which the rows are the objects (cases) and the columns are their characteristics (attributes, aspects, variables, etc.)” (“A hasonlóságelemzés alapfogalmai,” para. 29, my translation). In this representation, the methodological focus is not prediction of an external outcome variable, but the derivation of a coherent comparative evaluation from heterogeneous descriptors that jointly characterize each object (Pitlik, 2014). 
In evaluation-model terms, this representation is commonly stated as follows: “If an OAM (object-attribute-matrix) is given, where the objects are e.g., human beings and the attributes are their properties, then it can become necessary to derive an aggregated index value.” (Bán et al., 2024, para. 12).
This OAM-based framing is also consistent with evaluation-model literature that treats attribute sets as context-dependent and interpretable only relative to the defined descriptor system; in such settings, analysis of attribute relevance naturally operates on the OAM itself (Bán et al., 2024). 
[bookmark: _Toc222657655][bookmark: _Toc223964403]2.6.3. Directionality and the unavoidable role of value choices
Any multi-attribute evaluation must specify directionality, i.e., whether higher values represent “better” performance (benefit-type) or “worse” performance (cost-type). Page & Stake (1979) note that “The act of "evaluation" would presuppose some prior system of values; yet any technology of values, or even their place in rational judgment, is given scant attention in the field.” (p. 46). This is not a purely technical step: directionality encodes educational values, because it formalizes what the evaluator treats as desirable or undesirable behaviour (Page & Stake, 1979). 
In Moodle-log–based performance profiling, directionality decisions become explicit when indicators such as timeliness, responsiveness, or alignment measures must be interpreted consistently before aggregation (Turtogtokh et al., 2025). Therefore, a thesis-appropriate stance is that multi-attribute evaluation can reduce arbitrariness by forcing explicit rules, but it cannot eliminate normative judgement entirely, because attribute selection and directionality remain value-laden design choices (Page & Stake, 1979). 
[bookmark: _Toc222657656][bookmark: _Toc223964404]2.6.4. Aggregation without arbitrary weights: anti-discriminative optimisation
A common approach to multi-attribute aggregation is weighted scoring, where each attribute is assigned a manual or statistically estimated weight. However, attribute “importance” is not stable across contexts because the effect of any one attribute depends on the presence and configuration of the other attributes (e.g., overlap, compensation, or contradiction). (Bán et al., 2024) explicitly argue that attribute importance is relative to the attribute set, and that simple correlation-based intuitions can be misleading—particularly when the objective is to derive an aggregated evaluation index from heterogeneous descriptors rather than to predict an external outcome variable. In the COCO Y0 framing, the baseline condition is described explicitly: “The anti-discriminative optimization in our used example does not have two real attributes, because the hypothetical Y0-variable has only a constant value.” (Bán et al., 2024, para. 11).
To address this, anti-discriminative optimisation methods aim to compute an aggregated index and ranking without imposing an arbitrary “pre-set” weight structure. In the COCO-family tradition, evaluation is framed as component-based object comparison for objectivity, where aggregation is derived from the multi-attribute evidence itself rather than from a manually chosen weighting scheme (Pitlik, 2014). 
In practical terms, this approach seeks an evaluation result that is consistent with the descriptor system while remaining transparent about the dependence of outcomes on the selected attributes.
[bookmark: _Toc222657657][bookmark: _Toc223964405]2.6.5. Attribute exclusion as a diagnostic tool for discrimination and importance
A known challenge in anti-discriminative multi-attribute evaluation is the low-discrimination (“sameness”) problem: the model may legitimately assign identical or near-identical scores to many objects when the attribute system does not separate them strongly, or when several attributes contribute in a highly uniform manner. In such cases, attribute exclusion is not an ad-hoc manipulation; it is a diagnostic step that tests whether the evaluation outcome is driven by a small subset of attributes and whether meaningful distinctions are hidden by overly dominant descriptors (Bán et al., 2024). Bán et al. (2024) also note that “The question is: how may we interpret, if always one single attribute is excluded from the entire OAM and the aggregated index values will be calculated on these partial OAMs?” (Para. 11)
(Bán et al., 2024) operationalize attribute importance analysis through systematic exclusion: the evaluation is repeatedly re-run on reduced OAMs, and the changes in the aggregated output are analysed to infer relevance or dominance under the current descriptor configuration. 
This logic aligns with a thesis-quality interpretability requirement: the evaluation should not only output a ranking, but also provide evidence about why objects differ and which attributes most strongly contribute to separability.
[bookmark: _Toc222657658][bookmark: _Toc223964406]2.6.6. Verification and robustness as part of multi-attribute evaluation quality
Because multi-attribute evaluation outputs may influence educational judgement, a thesis-level methodology should include verification beyond “the model produced a ranking.” In Moodle-log based performance evaluation, reliability can be examined through inverse-run symmetry validation, where the input ranking is reversed, the evaluation is rerun, and consistency is checked using a delta-based validity condition (e.g., sign-consistency constraints). (Turtogtokh et al., 2025) state that “If the product of the two delta values is zero or less, the model’s results are confirmed to be valid and reliable. If the product is greater than zero, it indicates potential inconsistencies.” (Validation of Results, para. 7). 
In addition, robustness can be examined through sensitivity testing, where deliberately inconsistent or extreme input values are injected to observe whether the evaluation outcome reacts in the expected direction (i.e., whether the method is fragile to distortions and thus highlights data-quality risks). Such tests support a defensible methodological claim: the evaluation pipeline is not only computed, but also audited for internal consistency and sensitivity to data distortion (Turtogtokh et al., 2025). 
[bookmark: _Toc223964407]2.6.7. Positioning COCO Y0 among MCDA methods
Multi-criteria decision analysis (MCDA) comprises established method families for aggregating heterogeneous criteria into comparative decisions, including value/utility-based models, distance-to-ideal approaches, and outranking methods (Figueira et al., 2005). As Figueira et al. (2005) note, MCDA “helps making decisions mainly in terms of choosing, ranking or sorting the actions” (p. xiv). Within this broader framework, COCO Y0 is used in this thesis as an optimisation-based, context-free similarity-analysis approach that derives attribute-level “staircase” functions through linear programming instead of applying pre-set constant weights (Bánkuti & Pitlik, 2010; Pitlik, 2004; Pitlik & Varga, 2015). This orientation aligns with Pitlik (2004) view that “Complete objectivity is characterized by the fact that an analysis can be carried out without any individual value determinations” (p. 199, my translation).
More specifically, Pitlik & Varga (2015) explain that “Similarity analysis delivers as solution optimized staircase-function, where a set of descending rank/stair-values will be calculated for each known attribute-level based on linear programming” (“Similarity Analysis,” “Theory,” para. 1). In parallel, Bánkuti & Pitlik (2010) describe COCO as “Component-based Object Comparison for Objectivity” and as “a recently developed Hungarian, Linear Programming based context-free similarity analysis method” (p. 1). Together, these characteristics make COCO Y0 suitable for transparent benchmarking from an Object–Attribute Matrix without requiring an externally validated outcome variable or a stakeholder-elicited weight vector.
A widely used alternative is TOPSIS, which ranks alternatives by their relative distance to a positive ideal and a negative ideal solution (Hwang & Yoon, 1981).<--it is forbidden to use references without any cited texts!- In standard TOPSIS, the decision matrix is normalised and then weighted before distance computations; thus, the resulting ranking depends on the weight specification and normalisation choices (Behzadian et al., 2012). In the present thesis context—where stakeholder-validated weights are unavailable and the design goal is to minimise ad hoc weighting—TOPSIS serves as a useful baseline comparator but is less consistent with the thesis’s weight-avoidance objective. This comparative use is also consistent with Hwang & Yoon (1981) statement that “the right selection of these methods for the right situation is important” (p. 59). Correspondingly, a standard definition states that “the standard TOPSIS method attempts to choose alternatives that simultaneously have the shortest distance from the positive ideal solution and the farthest distance from the negative-ideal solution” (Behzadian et al., 2012).
A second major alternative is PROMETHEE, which Brans & Vincke (1985) describe as “a new family of methods for multicriteria decision-making” (p. 647). As an outranking approach, it compares alternatives pairwise using criterion-level preference functions and weights to generate a ranking. PROMETHEE is particularly suitable when decision-makers can meaningfully specify such preference functions and weights; however, this also means that subjectivity is relocated into parameter elicitation. Accordingly, TOPSIS and PROMETHEE are used here as comparators because they represent two widely taught and widely applied MCDA families—distance-to-ideal and outranking—thereby providing clear baselines for contrasting COCO Y0’s optimisation-based, weight-avoiding stance (Figueira et al., 2005).
Implications for this thesis
[bookmark: _Toc222657659]Based on the above, the thesis operationalises multi-attribute evaluation by (i) representing student evidence as an Object–Attribute Matrix (OAM), (ii) defining explicit attribute directionality, and (iii) aggregating the resulting evidence via the COCO Y0 approach to reduce reliance on manually assigned weights, implemented in §§3.1.5–3.1.6. COCO Y0 is selected because it supports an optimisation-based, weight-avoiding aggregation stance consistent with transparent benchmarking from heterogeneous indicators (Bánkuti & Pitlik, 2010).  TOPSIS and PROMETHEE are reviewed as established MCDA baselines (distance-to-ideal and outranking), but they typically require explicit weight and/or preference-function elicitation; therefore, they are not adopted as the primary aggregation logic in this thesis demo setting (Behzadian et al., 2012; Brans & Vincke, 1985). The expected benefit is an auditable aggregation of heterogeneous indicators that supports decision support rather than automated judgement. The main limitation is that attribute selection and directionality still embed normative assumptions, and low discrimination “sameness” may occur in some configurations, motivating attribute-exclusion diagnostics and repeated runs (revisited in §4).
[bookmark: _Toc223964408]2.7. Automated/Algorithmic Decision Support in Education
[bookmark: _Toc222657660]This section positions algorithmic decision support as the production of interpretable, actionable signals that assist—rather than replace—educational judgement. It reviews why dashboards, early-warning signals, and analytic reports are valuable only when their indicators are transparent, connected to plausible interventions, and accompanied by uncertainty awareness; “Techniques like dashboards and/or OLAP services could be used by each person (for benchmarking) and especially for further modelling.” (Pitlik et al., 2017, p. 1). The section also introduces quality assurance expectations for analytics pipelines (verification, robustness, traceability), which become particularly important when outputs may influence assessment decisions (Pitlik et al., 2017). These decision-support principles directly inform the thesis implementation strategy in §3, where intermediate artifacts and validation results are surfaced to enable auditability.
[bookmark: _Toc223964409]2.7.1. What “decision support” means in learning analytics and EDM
In educational contexts, automated or algorithmic decision support refers to computational methods that transform educational data into actionable information for human stakeholders, including teachers, students, and programme managers. Clow (2013) captures this process briefly: “The cycle starts with learners, who generate data, which is processed into metrics, which are used to inform interventions, which in turn affect learners” (p. 685). In learning analytics, this means moving beyond raw activity logs toward indicators, predictions, recommendations, or structured comparisons that can inform interventions or reflective course redesign (Dormezil et al., 2019). This framing is reinforced by Dormezil et al. (2019) conclusion that “Following keyword analysis, we conclude it is more accurate to describe what appears to be two domains (i.e., Educational Data Mining and Learning Analytics) as one domain (i.e., Learning Analytics) with one prominent subset (i.e. Educational Data Mining)” (p. 17). Accordingly, decision support in education is not limited to prediction, but also encompasses descriptive dashboards, benchmarking reports, and evaluation pipelines that render otherwise hidden patterns visible and auditable (Pitlik et al., 2017).
A key quality criterion is whether the analytics closes the loop—i.e., whether the outputs are interpretable enough to guide a concrete action (feedback, support, redesign), rather than merely producing metrics (Clow, 2013). This matters for usefulness: if indicators cannot be connected to a plausible educational response, they risk becoming “data for data’s sake,” with unclear pedagogical value (Clow, 2013).
[bookmark: _Toc222657661][bookmark: _Toc223964410]2.7.2. Typical decision-support functions: dashboards, early warning, and recommendations
A common form of algorithmic decision support is early-warning signalling: using behavioural traces to flag students who may be at risk and to enable timely support. “Course Signals was developed to allow instructors the opportunity to employ the power of learner analytics to provide real-time feedback to a student.” (Arnold & Pistilli, 2012, p. 2). A well-known example is Course Signals, which operationalised learning analytics as a student-success intervention mechanism, framing analytics explicitly as a support tool rather than as an assessment replacement (Arnold & Pistilli, 2012). This illustrates a general pattern: decision support becomes meaningful when (i) a signal is tied to a clear intervention logic and (ii) uncertainty is communicated responsibly.
[bookmark: _Toc222657662][bookmark: _Toc223964411]Decision support is also increasingly framed from the learner perspective. As Schumacher & Ifenthaler (2018) report, “The findings show that students expect learning analytics features to support their planning and organization of learning processes, provide self-assessments, deliver adaptive recommendations, and produce personalized analyses of their learning activities” (Abstract, para. 1). These expectations position analytics not merely as activity-visualisation tools, but as mechanisms for planning, self-assessment, and personalised support aligned with self-regulated learning. However, this also creates an important risk, since (Schumacher & Ifenthaler, 2018) note that students “might fear losing autonomy in managing their learning activities, which is a key component for motivation” (Introduction, para. 3). Therefore, decision support must be designed as assistive and transparent, not as hidden automation.
2.7.3. Decision support embedded in LMS ecosystems
Modern LMS platforms increasingly include built-in analytics features, meaning that algorithmic decision support is no longer an optional add-on but part of the learning infrastructure. Moodle’s analytics framework explicitly combines model-based approaches (including machine-learning and rule-based models) to generate indicators and predictions intended to support educational decisions (Moodle, 2024). Ouadoud et al. (2021) note that “There are a large number of distance learning platforms on the international market, around more than 600 including around forty under free licenses.” (p. 54). This is important for thesis positioning: it shows that the “baseline expectation” in current e-learning practice is not just data storage, but platform-integrated analytic support.
[bookmark: _Toc222657663]At the same time, platform variety and architecture shape what evidence is available and how reliably it can be interpreted. Surveys of e-learning platforms show that LMS features differ substantially in data granularity, logging semantics, and tool availability, directly constraining the design space of decision support (Ouadoud et al., 2021). Adoption research further suggests that organisational and cultural conditions affect whether users actually trust and use analytic support, even when it is technically available; indeed, Katoua et al. (2016) conclude that “a successful e-learning system should consider the personal, social, cultural, technological, organizational and environmental factors” (p. 754). This highlights a practical usefulness constraint: decision support that is not accepted or not understood cannot improve outcomes.
[bookmark: _Toc223964412]2.7.4. Quality assurance: from “automated output” to defensible support
A bachelor-thesis-level analytics pipeline should treat quality assurance as part of the decision-support concept, not as an afterthought. In log-based educational management research, dashboards and OLAP-style reporting are understood as tools for benchmarking and for preparing or validating subjective decisions rather than replacing human judgement. As Pitlik et al. (2017) note, “Model-based support processes can validate and/or prepare subjective/intuitive decisions” (p. 1). Similarly, Balogh et al. (2018) describe this cybernetic framing as “the complex handling of a real (intuitive/subjective) situation in frame of a cybernetic process chain (before, during and/or after the decision making as such)” (Abstract, para. 1), suggesting that analytics can support decision making before, during, and after an intuitive decision by making data assets interpretable and by enabling systematic checks. Methodologically, this implies that decision support must include explicit verification steps, such as consistency checks, sensitivity tests, and diagnostic reruns; otherwise, outputs remain black-box suggestions with weak accountability. This position is reinforced by Pitlik (2009) argument that defensible interpretation requires formalizable logic and repeatable explanatory procedures rather than unchecked associative intuition. As he puts it, “It is not enough to create something once, it shall be automated! And it is not enough to produce associations, they have to be proven!” (“Thought experiments I: Objectivity, sustainability, equilibrium,” para. 3). In this view, the central danger lies not in computation itself but in unverified inference, which is why quality assurance must include explicit consistency checks and counter-verification steps whenever outputs are used to support decisions.
This thesis’s broader evaluation direction (multi-attribute, direction-aware aggregation and validation) fits that expectation: the decision-support value is strongest when the pipeline remains auditable and when the model’s fragility under distortion is tested (Clow, 2013; Pitlik et al., 2017). Here, the emphasis is not only on producing an index/ranking, but on producing one that can be defended under scrutiny.
[bookmark: _Toc222657664][bookmark: _Toc223964413]2.7.5. Responsibility, ethics, and GDPR as design constraints
Automated decision support in education operates under heightened responsibility because outputs may influence learning opportunities, support allocation, or reputational outcomes; “The top three ethical areas most often addressed in the selected works are transparency, privacy, and informed consent.” (Teresa & McGrath, 2021, p. 124). From the student perspective, privacy concerns are linked to perceived vulnerability and perceived ability to control disclosure, which affects trust and willingness to participate in analytics-enabled learning environments (Mutimukwe et al., 2021).
A widely cited practitioner-policy framework that operationalises these ethical requirements is “Sclater’s Code of Practice for Learning Analytics”, which explicitly frames learning analytics as an institutional responsibility and sets out principles for responsible use. In particular, it emphasises (i) responsibility allocation, (ii) transparency and consent, (iii) privacy, and (iv) validity of analytics processes, alongside additional requirements such as access rights, enabling positive interventions, minimising adverse impacts, and stewardship of data (Sclater, 2015). This is methodologically relevant for thesis work because it makes “defensibility” concrete: an analytics output is not justified solely by being computed; it must be explainable, valid for its intended purpose, and embedded in an appropriate intervention and accountability process (Sclater, 2015). 
Under GDPR-aligned practice, lawful basis, purpose limitation, transparency, and data minimization are recurring operational requirements for learner data processing (National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018). In EDM contexts, GDPR is also described as creating both constraints and opportunities: it motivates stronger security and governance while encouraging privacy-conscious analytics practices (Ismayilzada et al., 2025). Together with Sclater’s code, this implies that governance is not a “legal appendix” but a design boundary condition on (a) what indicators may be collected and retained, (b) who can access analytics outputs, (c) how interventions are documented and audited, and (d) how uncertainty and limitations are communicated to learners and staff (National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018; Sclater, 2015).
[bookmark: _Toc222657665][bookmark: _Toc223964414]2.7.6. Decision support vs automated judgement: why scope boundaries matter
A recurring problem in educational technology is scope creep: tools built for support can become used for high-stakes judgement. The literature on embedded computer-based assessment shows the value of log data for capturing process evidence at scale, but also illustrates that meaningful inference requires careful design choices and infrastructure—not merely exporting logs (Buckley et al., 2006). This distinction matters because decision support outputs often look “objective,” which can encourage over-trust. Buckley et al. (2006) state that “The xml log files have been validated at each stage of processing and data reduction.” (p. 4)
A contemporary example is AI content detection used for academic integrity: evaluations of detection tools show inconsistent behaviour and false positives on human-written text, raising fairness risks if tools are used as punitive evidence rather than contextual signals (Elkhatat et al., 2023). This illustrates the broader principle: decision support should not be treated as an automated verdict; it should be framed as structured evidence with uncertainty, plus a clear human review process.
Implications for this thesis
Based on the above, the thesis operationalises automated/algorithmic decision support as a teacher-facing, auditable evaluation workflow that transforms Moodle-derived evidence into interpretable indicators and structured comparisons, while preserving human accountability. Concretely, the implementation focuses on (i) making evidence explicit through a formal indicator catalogue and directionality decisions, (ii) generating decision-support outputs (rankings/diagnostics) that are reproducible and explainable, and (iii) integrating quality assurance (verification and robustness checks) before presenting results to stakeholders, implemented in §3.1.5–§3.1.9 and operationalised in the automated prototype workflow in §3.2.3. Governance requirements (GDPR, privacy, transparency) are treated as design constraints rather than add-ons and are consolidated in §3.2.9, reflecting the ethical responsibility of analytics-based support (Ismayilzada et al., 2025; National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018; Teresa & McGrath, 2021). The expected benefit is useful and traceable decision support (not automated judgement) that can reduce reliance on unverified impressions; the main limitation is that any algorithmic support still embeds normative choices (indicator selection/directionality) and may be misused as high-stakes judgement—risks revisited in §4.
[bookmark: _Toc222657666][bookmark: _Toc223964415]2.8. AI Detection in Education
[bookmark: _Toc222657667]This section introduces AI-content detection as a recent and debated response to generative AI use in student writing, with particular attention to validity and governance risks. It notes that detector outputs are model-based estimates that can vary across tools, genres, and language proficiency, so false positives are a serious fairness concern. Accordingly, the thesis treats AI detection only as a supportive contextual signal and never as decisive evidence of misconduct §3.1.4.Elkhatat et al. (2023) state that “Therefore, while AI-detection tools can help to spot potentially suspicious work, they should not be used as the sole determinant in academic integrity cases.” (p. 13).
[bookmark: _Toc223964416]2.8.1. Why “AI detection” became an educational problem
The public availability of large language models (LLMs) has created a new integrity dilemma in higher education: student text can be produced (fully or partially) by generative AI, while instructors often lack reliable ground-truth evidence about the writing process. In response, a market of AI-writing detectors emerged that output a probability-like judgement about whether a text “looks AI-generated”. Ardito (2025) states that “The resultant academic environment, where students and academics are left to interpret ‘AI scores’ without a coherent policy framework, has led to inconsistent and unjust outcomes.” (p. 17). However, the literature consistently frames this area as contested: detection is attractive as a quick control mechanism, yet its measurement validity and governance fit are uncertain (Ardito, 2025). 
In this thesis context, the issue matters because a subset of the analysed forum answers is free-text, and the evaluation framework explicitly includes an “AI involvement” indicator as one qualitative dimension among multiple attributes, rather than as a disciplinary verdict §3.1.4.
[bookmark: _Toc222657668][bookmark: _Toc223964417]2.8.2. How AI-writing detectors work
AI-writing detectors typically operationalize “AI-likeness” by comparing statistical patterns in a text against what is expected from human writing versus machine-generated writing (e.g., token-probability patterns, stylometric regularities, and other classifier-derived features). Ardito (2025) summarizes that “AI detectors operate on a fundamentally different principle. They assess the degree to which text aligns with the most common outputs of supported LLMs and do not provide any means to independently verify their assessment.” (p. 17).
A key methodological implication is that detector outputs are not direct observations of authorship. They are model-based inferences that can change when detectors are updated, when student writing is edited, or when the writing context shifts (Ardito, 2025). 
[bookmark: _Toc222657669][bookmark: _Toc223964418]2.8.3. Empirical performance and the “evidence problem”
Empirical evaluation suggests that detection accuracy varies substantially across tools and conditions. (Elkhatat et al., 2023) evaluated multiple AI-content detection tools on human vs AI-generated texts and report notable limitations: performance is inconsistent across detectors and can be sensitive to text type and experimental setup. Elkhatat et al. (2023) note that “to a certain extent, their performance is inconsistent, making them unreliable tools in determining whether to take disciplinary actions against students in high-stakes contexts such as academic integrity investigations.” (p. 13)
Beyond average accuracy, the educational risk is asymmetric: false positives can harm students and damage trust. (Ardito, 2025) argues that detectors are problematic in real assessment settings because they are difficult to falsify from the student side (i.e., a student cannot easily “prove” human authorship if a detector flags their work), making high-stakes use procedurally risky. 
[bookmark: _Toc222657670][bookmark: _Toc223964419]2.8.4. Vulnerability, adaptivity, and “detector evasion”
A recurring critique is that detectors are vulnerable in adversarial settings: if students can test against detectors and iteratively paraphrase, then the detector becomes a moving target and incentivizes “humanization” services rather than authentic learning “The combination of this rapid dissemination with commercial incentives to identify such weaknesses makes reliance on AI detection tools for maintaining academic integrity a fundamentally flawed strategy.” (Ardito, 2025, p. 14). In practical terms, detection tools can be undermined by (i) paraphrasing, (ii) mixed authorship (human + AI), and (iii) rapid evolution of both generators and detectors (Ardito, 2025).
[bookmark: _Toc222657671][bookmark: _Toc223964420]2.8.5. Fairness, language, and governance constraints
AI detection intersects with fairness because detector scores may correlate with writing style, language proficiency, or genre conventions rather than authorship. (Ardito, 2025) explicitly highlights concerns around bias and non-English speakers, which is especially relevant in multilingual educational environments “false positives may still not be uniformly distributed across text samples but instead disproportionately affect certain subgroups of human writers.” p. 15).
From an ethics and governance perspective, learning analytics research stresses transparency, privacy, and informed consent as recurring baseline requirements (Teresa & McGrath, 2021). Applying this to AI detection implies that (i) students should understand what is being measured, (ii) the decision consequences should be proportionate, and (iii) the institutional process must be auditable and contestable. 
Under GDPR-aligned practice, processing student-generated text and producing risk-like indicators should follow purpose limitation, minimization, and clear justification of necessity (National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018). Ismayilzada et al. (2025) note that “The introduction of GDPR has forced EDM practitioners to re-assess how student data is collected, stored, and analysed.” (p. 608) In broader educational data mining contexts, GDPR is also described as reshaping analytics practice by elevating privacy and transparency to design principles (Ismayilzada et al., 2025).
Implications for this thesis
Based on the above, the thesis operationalizes AI detection as an auxiliary, low-stakes indicator of potential AI involvement in student forum answers, rather than as an authorship proof or sanction trigger. Concretely, the implementation computes an avg_AI_involvedMsg_score using a RoBERTa-based detector and aggregates message-level scores to the student level as one attribute within the qualitative dimension set, implemented in §3.1.4.
Expected benefit: A consistent, documentable signal that can support instructor review when interpreted alongside other evidence (topic relevance, citation use, correctness, and log-based diligence indicators), strengthening transparency within the multi-attribute framework. 
Main limitation (risk): Detector outputs have contested validity, are vulnerable to evasion, and can create fairness and due-process risks if treated as decisive evidence (Ardito, 2025; Elkhatat et al., 2023). Therefore, this thesis explicitly frames AI detection as decision support only, with governance constraints and interpretation safeguards revisited in §3.2.9 and critically discussed in §4.
[bookmark: _Toc223964421]2.9. The Gap
[bookmark: _Toc222657672]This section synthesises the preceding literature to identify the precise research and implementation gap that motivates this thesis. A key synthesis point is that analytics can only improve what the assessment model actually measures and rewards; therefore, aligning indicators and aggregation rules with the intended learning values is a prerequisite for meaningful decision support. Clow (2013) puts it “If assessment does not reflect and reward those aspects of learning that are valued, a learning analytics system that improves assessment scores will not improve those aspects of learning.” (p. 692). It first delineates what current work already enables across learning analytics, log-based modelling, text similarity assessment, multi-attribute evaluation, and AI-era integrity debates (§2.9.1). It then specifies the thesis-level gaps that remain—particularly the lack of an integrated, auditable, direction-aware, and governance-compliant workflow that combines behavioural traces and semantic evidence without arbitrary weighting (§2.9.2). Finally, the section states the thesis contributions as an explicit set of design and methodological commitments that are operationalised in the end-to-end pipeline documented in Chapter 3 (§2.9.3).
[bookmark: _Toc223964422]2.9.1. What the literature already enables and what it does not
Across learning analytics and educational data mining, a broad consensus is that LMS environments can serve as “evidence ecosystems” where learner traces support monitoring, feedback, and decision-making at scale (Clow, 2013; Dormezil et al., 2019). Early-warning interventions (e.g., course signalling) demonstrate that analytics can be operationalised in ways that are actionable for student support, not only descriptive reporting (Arnold & Pistilli, 2012). At the same time, students’ expectations indicate that analytics should support planning, self-assessment, and personalised guidance—i.e., interpretability and usefulness matter at least as much as predictive power (Schumacher & Ifenthaler, 2018).
Within LMS practice, Moodle provides a mature platform context and an increasingly analytics-oriented feature set, including ML-assisted analytics components, dashboards, and configurable indicators (Moodle, 2024; Ouadoud et al., 2021). However, platform analytics are not automatically aligned with institution-specific evaluation constructs; they are constrained by available features, event semantics, and how “meaning” is assigned to activity (Agudo-Peregrina et al., 2014; Park & Jo, 2016). This is amplified by the well-established validity concern that log activity is a proxy rather than direct evidence of learning: the same interaction count can reflect engagement, confusion, compliance, or routine navigation depending on course design and modality (Agudo-Peregrina et al., 2014; Motz et al., 2019; Yavuz, 2019). In line with this concern, Yavuz (2019) reports that “This finding shows that the effects of RT and the number of actions were not associated linearly with the abilities of students and difficulties of items” (p. 383), reinforcing the point that behavioural traces should not be interpreted as straightforward measures of learning performance.
Parallel to log-based modelling, automatic assessment research shows that text similarity and NLP methods can support evaluation of descriptive answers and written responses (Bahel & Thomas, 2021; Rahman & Siddiqui, 2018). Yet much of this work focuses on text-only scoring, often without integrating behavioural context (e.g., interaction sequences, posting patterns), and without treating “evaluation” as a multi-dimensional construct requiring explicit directionality and aggregation rules (Page & Stake, 1979). Multi-attribute evaluation literature—including KJU/MIAÚ-oriented similarity and COCO-type approaches—explicitly targets this aggregation problem by aiming for object comparison without ad-hoc weighting, and by using attribute exclusion/importance analyses to interpret what truly differentiates cases under a given OAM configuration (Bán et al., 2024; Pitlik, 2014).
Finally, recent work on generative AI in education highlights that “AI detection” is methodologically fragile and institutionally risky when treated as a primary evaluation tool; detection can create false positives, incentive distortions, and procedural unfairness if used as a shortcut for assessment integrity (Ardito, 2025; Elkhatat et al., 2023; Kishore et al., 2023). Motz et al. (2019) make this limitation explicit: “However, it remains unclear whether LMS activity indeed reflects behavioural properties of student engagement, and it also remains unclear how to deal with variability in LMS usage across a diversity of courses.” (p. 300) . This directly intersects with ethics and GDPR: if analytics or automated judgments are used in ways that affect students, transparency, purpose limitation, minimisation, and governance become non-negotiable design constraints (Ismayilzada et al., 2025; Mutimukwe et al., 2021; National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018; Teresa & McGrath, 2021).
[bookmark: _Toc222657673][bookmark: _Toc223964423]2.9.2. The specific gap addressed by this thesis
Gap A — Fragmentation across evidence types (logs vs. text): Existing studies typically treat log indicators or text similarity or platform dashboards as separate evidence streams (Bahel & Thomas, 2021; Moodle, 2024; Motz et al., 2019). There is comparatively little thesis-level, reproducible work that integrates Moodle trace evidence and semantic similarity evidence into one auditable evaluation model, while keeping constructs explicit and interpretable (Page & Stake, 1979; Park & Jo, 2016).
Gap B — Aggregation and fairness without arbitrary weights: In educational evaluation, multi-dimensional performance is common, but aggregation is often handled by implicit instructor judgement or by fragile weighted scoring schemes (Page & Stake, 1979). Anti-discriminative, similarity-driven evaluation provides a principled alternative, yet it is rarely operationalised in a way that is (i) direction-aware, (ii) verifiable, and (iii) demonstrably usable as decision support in an LMS context (Bán et al., 2024; Pitlik, 2014).
Gap C — Verification/robustness as a first-class requirement: Many analytics pipelines end at “the model outputs a dashboard / score / classifier.” The literature supports stronger standards: validity concerns in logs (Agudo-Peregrina et al., 2014; Motz et al., 2019) and risks of automated judgement. (Ardito, 2025) imply that evaluation pipelines should include internal verification and stress testing, not only results reporting.
Gap D — Moving beyond “AI detection” toward evidence-grounded evaluation: AI detection debates show why detector output should not be treated as a proxy for learning quality or authorship integrity (Ardito, 2025; Elkhatat et al., 2023). In this context, Kishore et al. (2023) argue that “While ChatGPT and other GAI models present both opportunities and challenges for education, an outright ban may not be the most effective solution” (p. 14). The practical gap, therefore, lies in designing an evidence-based evaluation pipeline that remains useful even when AI-generated text is possible, by triangulating behavioural traces, contribution patterns, and similarity signals under explicit governance.
Gap E — Governance operationalisation, not only ethical statements: Ethics/GDPR literature defines requirements, but many implementations remain vague about operational steps (e.g., minimisation choices, early anonymisation, retention boundaries) (Ismayilzada et al., 2025; Mutimukwe et al., 2021; National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018). This thesis addresses the gap by embedding governance constraints directly into the pipeline design assumptions rather than treating them as a purely narrative appendix. This operational constraint is stated bluntly in GDPR guidance: “adequate, relevant and limited to what is necessary. In other words, only data that is required for the explicit purpose detailed above should be gathered and stored.” (National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018, p. 1).
[bookmark: _Toc222657674][bookmark: _Toc223964424]Institutionally, these gaps are especially relevant in distance and blended contexts where Moodle-mediated activity becomes a core part of learning and evaluation practice (Kodolányi János Egyetem, 2025; Virágh, 2020). As Virágh (2020) notes, for studio-based classes “we cannot hold lessons via Skype,” yet the department still sought to ensure that students remained “in” the semester despite the disruption (para. 10, my translation). Student experience research points in the same direction: Sukhbaatar et al. (2023) emphasise that “Students’ evaluation of classes taken online during the lockdown is valuable for improving the quality and effectiveness of e-learning and making it more accessible to learners” (p. 42, my translation). This strengthens the case for systematic evaluation of e-course quality and participation conditions. At the same time, Below (2021) explicitly warns that “The analysed data, compressed and displayed on dashboards, should not simply be accepted, but should be critically questioned” (“3. Herausforderungen,” “Kompetenzentwicklung,” para. 2, my translation), underscoring that those digital traces must be translated into defensible meaning rather than treated as self-evident evidence. KJU/MIAÚ case-oriented work already argues for decision support that can validate or prepare subjective judgement using logs and modelling logic (Balogh et al., 2018; Pitlik et al., 2017), but the remaining gap is a single, end-to-end, verifiable workflow that combines these components at bachelor-thesis level with explicit constructs and governance.
2.9.3. What the thesis contributes
Contribution 1 — A construct-explicit, multi-source evidence model: The thesis contributes an operationalisation where Moodle traces and contribution/text similarity signals are formalised as a transparent attribute catalogue with stated meaning and directionality, rather than treated as “raw activity” proxies (Agudo-Peregrina et al., 2014; Park & Jo, 2016).
Contribution 2 — Anti-discriminative multi-attribute aggregation with interpretability tools: Building on similarity-analysis traditions and attribute-importance logic, the thesis contributes a direction-aware, anti-discriminative aggregation strategy (COCO-type) and interpretable diagnostics via attribute exclusion to reveal hidden differences when “sameness” appears (Bán et al., 2024; Pitlik, 2014).
Contribution 3 — Verification and robustness as part of evaluation quality: The thesis contributes a workflow standard where evaluation is accompanied by internal verification logic (e.g., consistency expectations across transformed inputs) and stress tests, addressing well-known validity risks in learning analytics (Motz et al., 2019; Page & Stake, 1979). Motz et al. (2019) state that “there is not a single generic relationship between activity and engagement, and what constitutes the behavioural components of “engagement” will be contingent on course structure.” (p. 300).
Contribution 4 — A decision-support stance compatible with AI-era constraints: Instead of substituting evaluation with AI detectors, the thesis positions algorithmic support as triangulated evidence to assist judgement, consistent with critiques of detection-only approaches (Ardito, 2025; Elkhatat et al., 2023; Kishore et al., 2023).
Contribution 5 — Governance operationalisation aligned with GDPR/ethics: The thesis contributes a GDPR-aware design framing: minimisation, transparency, and purpose limitation are treated as design constraints on which attributes are extracted and how outputs are used (Ismayilzada et al., 2025; National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018; Teresa & McGrath, 2021). It is described “Personal data must be: processed lawfully, fairly and in a transparent manner. collected for specified, explicit and legitimate purposes and only used for these purposes.” (National Forum for the Enhancement of Teaching and Learning in Higher Education, 2018, p. 1).
Implications for this thesis
Based on the above, the thesis operationalises the identified gap by implementing an end-to-end Moodle-based evaluation pipeline that (i) extracts student-level log and contribution indicators, (ii) represents them as an Object–Attribute Matrix with explicit directionality, (iii) aggregates evidence via anti-discriminative multi-attribute evaluation rather than manual weighting, and (iv) includes verification and robustness procedures under GDPR/ethics constraints. This is implemented in the data extraction and modelling workflow, the evaluation and aggregation steps (§3.1), and the automation/prototype layer (§3.2), with governance constraints documented in §3.2.9 and critical limitations revisited in §4.
[bookmark: _Toc223964425]2.10. BPROF Subjects and the Thesis
This section connects each BSc course to specific parts of this thesis. For every course, I state what I used, how it supports the implemented tool and workflow, where it appears in the document (mainly §3 and the Annexes), and what I intentionally left out to keep the project small, clear, and feasible at bachelor level.
[bookmark: _Toc223353639][bookmark: _Toc223964426]2.10.1. Networks & Computer Architectures
· What I used: Practical constraints of running the full pipeline on a standard laptop (CPU/RAM trade-offs).
· How it supports the tool/workflow: Motivates lightweight, local-first execution choices in the prototype.
· Where: §3.2.1 (scope: local-first), §3.2.10 (system requirements).
· Left out: Hardware acceleration and low-level optimization beyond what is required for a thesis-grade demo.
[bookmark: _Toc223353640][bookmark: _Toc223964427]2.10.2. Introduction to Algorithms
· What I used: Deterministic step-by-step workflow design (transformations, aggregation, ranking, diagnostic re-runs).
· How it supports the tool/workflow: Enables reproducible transformation from Moodle rows into student-level indicators (OAM) and rank-based COCO inputs.
· Where: §3.1.2–§3.1.6 (pre-processing to OAM to COCO), §3.2.3 (pipeline stages).
· Left out: Advanced optimisation claims; the focus remains on correctness, traceability, and reproducibility.
[bookmark: _Toc223353641][bookmark: _Toc223964428]2.10.3. Operating Systems
· What I used: Local versus hosted execution awareness; file-based reproducibility and stable run conditions.
· How it supports the tool/workflow: Justifies why persistence and governance controls are reliable in local mode, while hosted mode can be session-scoped.
· Where: §3.2.2 (deployment-dependent persistence), §3.2.9–§3.2.10 (local-first, requirements).
· Left out: Kernel-level profiling and container hardening; kept to simple cross-platform steps.
[bookmark: _Toc223353642][bookmark: _Toc223964429]2.10.4. Introduction to Programming
· What I used: Readable functions and deterministic computation (load, compute, export) with basic error handling.
· How it supports the tool/workflow: Implements repeatable pre-processing, attribute computation, and report generation without hidden steps.
· Where: §3.1 (process tools: Excel/Python/SQLite), §3.2.3 (implementation stages).
· Left out: Complex framework engineering; the prototype prioritises transparency over abstraction.
[bookmark: _Toc223353643][bookmark: _Toc223964430]2.10.5. Programming I, II
· What I used: Modular implementation and separation of concerns (computation, configuration, persistence).
· How it supports the tool/workflow: Keeps the prototype maintainable and auditable (attribute computation and COCO parsing are explicit components).
· Where: §3.2.2 (architecture and module map), §3.2.3 (orchestration).
· Left out: Performance micro-optimisation and advanced packaging beyond what is needed for the demo scope.
[bookmark: _Toc223353644][bookmark: _Toc223964431]2.10.6. Databases
· What I used: Relational thinking via SQLite for traceable storage and queryable processing.
· How it supports the tool/workflow: Supports reproducible pre-processing and persistence of datasets, runs, and artifacts (audit trail).
· Where: §3.1.2 (SQLite for cleaned logs), §3.2.8 (runs database and stored artifacts).
· Left out: Full RDBMS deployment and SQL performance tuning; the dataset scale is thesis-bounded.
[bookmark: _Toc223353645][bookmark: _Toc223964432]2.10.7. Data Visualization
· What I used: Clear outputs and explainable reporting intended for instructor inspection.
· How it supports the tool/workflow: Supports interpretation of rankings and diagnostics as decision support rather than opaque scoring.
· Where: §3.2.1–§3.2.3 (inspectable outputs and intermediate artifacts).
· Left out: Advanced interactive analytics beyond the Streamlit demo scope.
[bookmark: _Toc223353646][bookmark: _Toc223964433]2.10.8. Electronics & Circuits
· What I used: General engineering constraint awareness (keep the solution software-only and portable).
· How it supports the tool/workflow: Reinforces the 'runs on a standard machine' constraint and avoids hardware dependence.
· Where: §3.2.1 (scope constraints), §3.2.10 (system requirements).
· Left out: Hardware acceleration (GPU-as-requirement, FPGA, dedicated devices).
[bookmark: _Toc223353647][bookmark: _Toc223964434]2.10.9. System Modelling
· What I used: Stage-based pipeline modelling with clear inputs and outputs per stage.
· How it supports the tool/workflow: Keeps the workflow auditable: Moodle export to pre-processing to OAM to ranking to COCO to validation to reporting.
· Where: §3.1.1–§3.1.9 (analytical pipeline), §3.2.3 (implemented pipeline stages).
· Left out: Heavy formal modelling notation; emphasis remains on runnable, inspectable steps.
[bookmark: _Toc223353648][bookmark: _Toc223964435]2.10.10. System Operation
· What I used: Reproducible run practice: clear requirements, stable execution steps, and local-first operation.
· How it supports the tool/workflow: Enables consistent execution and repeated runs, including persistence of run artifacts.
· Where: §3.2.10 (system requirements), §3.2.8 (stored runs and evidence).
· Left out: Production DevOps (CI/CD, monitoring) because the tool is a thesis prototype.
[bookmark: _Toc223353649][bookmark: _Toc223964436]2.10.11. System Planning
· What I used: Scope control through explicit aims and tasks within an R&D methodology structure.
· How it supports the tool/workflow: Keeps development aligned with the analytical pipeline and validation obligations (avoids feature creep).
· Where: Chapter 1 (aims/tasks) and §3 (own developments as R&D realisation).
· Left out: Full project management tooling; planning is documented in text and bounded limitations.
[bookmark: _Toc223353650][bookmark: _Toc223964437]2.10.12. Software Architectures
· What I used: Layered architecture (UI, processing, persistence) and explicit module responsibilities.
· How it supports the tool/workflow: Keeps computations traceable (attribute calculations and COCO parsing remain explicit components).
· Where: §3.2.2 (architecture), §3.2.3 (page flow and orchestration).
· Left out: Microservices and institutional integration; intentionally excluded in the demo scope.
[bookmark: _Toc223353651][bookmark: _Toc223964438]2.10.13. Software Testing
· What I used: Scenario-driven end-to-end pipeline testing and evidence persistence.
· How it supports the tool/workflow: Demonstrates that the workflow completes and stores artifacts and logs for auditing.
· Where: §3.2.8 (end-to-end runs; stored artifacts).
· Left out: Full unit and integration test suite; acknowledged as a prototype limitation.
[bookmark: _Toc223353652][bookmark: _Toc223964439]2.10.14. Business Process Management
· What I used: Repeatable procedure and explicit hand-offs between stages (data to indicators to ranking to outputs).
· How it supports the tool/workflow: Supports practical instructor use: a guided workflow with exportable artifacts.
· Where: §3.2.1–§3.2.3 (workflow), §3.2.2 (page structure).
· Left out: Enterprise workflow tooling; unnecessary for the thesis-sized target use.
[bookmark: _Toc223353653][bookmark: _Toc223964440]2.10.15. Business Law and Regulation
· What I used: Governance framing (privacy, ethics, GDPR) as design constraints.
· How it supports the tool/workflow: Drives anonymisation, minimisation, local-first handling, and the 'decision support' boundary.
· Where: §2.7.5–§2.7.6 (responsibility and boundaries), §3.2.9 (implementation safeguards).
· Left out: Formal legal review and institutional policy integration; beyond prototype scope.
[bookmark: _Toc223353654][bookmark: _Toc223964441]2.10.16. IT Security
· What I used: Basic security-by-design practices appropriate for a demo analytics tool (local-first, minimization, auditability).
· How it supports the tool/workflow: Reduces exposure of educational log data and improves accountability via stored run artifacts.
· Where: §3.2.9 (security, privacy, ethics), §3.2.8 (auditability via stored runs).
· Left out: Production identity management and hardened multi-user deployment (explicit limitation).
[bookmark: _Toc223353655][bookmark: _Toc223964442]2.10.17. ICT in IT-Security
· What I used: Secure handling of inputs and outputs and explicit acknowledgement of external dependency risk.
· How it supports the tool/workflow: Frames COCO execution as an external endpoint dependency with availability and privacy implications.
· Where: §3.2.3 (COCO request and parsing), §3.2.9 (endpoint dependency risk).
· Left out: Formal threat modelling and compliance certification; beyond bachelor scope.
[bookmark: _Toc223353656][bookmark: _Toc223964443]2.10.18. Intercultural Communication
· What I used: Clear terminology and a reader-oriented explanation style (interpretability emphasis).
· How it supports the tool/workflow: Supports transparent decision support: intermediate artifacts are inspectable and contestable.
· Where: §3.2.1 (explainability/auditability), §2.7 (decision support framing).
· Left out: Formal discourse analysis; applied pragmatically through documentation and UI design.
[bookmark: _Toc223964444]3. Own developments
In this chapter, I present the progress completed during the research-and-development phase of this thesis, from the initial analytical experiments and its results to the implementation and testing of the prototype software. The experiment is based on real-world pseudonymised datasets collected from Moodle forum discussions in an IT-related course context, where students were required to provide descriptive and timely responses. These discussion logs form the empirical foundation for constructing measurable indicators of student activity and interaction, and for evaluating performance in a transparent and reproducible manner.
The work originated from a course assignment in which students solved a task through structured forum discussions, followed by a peer-evaluation session conducted in the classroom. In a subsequent assignment, the instructor provided the corresponding Moodle log data, and the cohort performed an objective log-based analysis on the data and compared the results with the earlier subjective peer evaluations. This comparison highlighted both the potential and the limitations of traditional assessment practices and motivated the research presented in this thesis §1.5.
The primary contribution of this project is a log-based evaluation framework that derives multiple performance-related attributes from Moodle activity data, organizes them into an Object Attribute Matrix (OAM) with explicitly defined directionality, and applies the Component-Based Object Comparison for Objectivity (COCO) engine to estimate attribute impacts and get anti-discriminative, multi-attribute results. To ensure practical applicability/automation, the analytical workflow is operationalized in a Streamlit-based prototype tool that executes the pipeline end-to-end and generates outputs for educators in both web accessible and portable executable file formats.
Chapter 3 presents the thesis’s original developments, progressing from the analytical workflow to its operational realization as a usable prototype. §3.1 documents the full analytical process applied to pseudonymised Moodle discussion logs: §3.1.1 introduces the Moodle log structure and object definition, §3.1.2 describes extraction, preprocessing, anonymization, and SQL-based preparation, §3.1.3 operationalizes semantic similarity via embedding-based cosine similarity for topic relevance, and §3.1.4 adds an auxiliary AI-involvement signal as a cautious contextual indicator. §3.1.5 constructs the Object–Attribute Matrix (OAM), defines the A1–A29 attribute catalogue with explicit directionality, and applies direction-aware ranking to produce a standardized COCO input. §3.1.6 executes COCO Y0 under a constant baseline and applies staircase diagnostics to identify non-informative attributes for exclusion and re-run analysis, while §3.1.7 validates internal consistency through inverse-run function-symmetry checks. Results are consolidated in §3.1.8 across the full attribute set and the diligence-only and understanding-only subsets, including excluded-run variants and validation flags; §3.1.8.4 compares objective COCO-based rankings with peer-based subjective rankings using tie-aware rank harmonization and Spearman correlation. Finally, §3.1.9 performs an input verification test using deliberately inconsistent/extreme inputs to assess the robustness and reliability of the COCO-based evaluation logic. Building on these validated analytical components, §3.2 documents the demo software development that operationalizes the §3.1 pipeline (excluding automated staircase-based exclusion), detailing the tool’s purpose and scope (§3.2.1), system architecture (§3.2.2), deterministic data-pipeline implementations (§3.2.3), the integrated similarity and AI-signal modules (§3.2.4), ranking and scoring logic including inverse-run validation integration (§3.2.5), instructor-facing user-interface interaction design (§3.2.6), visual and AI-assisted interpretation outputs (§3.2.7), pipeline-level testing evidence (§3.2.8), implementation-level IT security, privacy, and ethics (§3.2.9), system requirements for reproducible execution (§3.2.10), and prototype limitations (§3.2.11).
[bookmark: _Toc223964445]3.1. Analytical process
[bookmark: _Int_z7qHA0UM]This subchapter presents the analytical workflow developed during the course, describing each step from data pre-processing to results and validation. The workflow is designed to be transparent and reproducible, and it is implemented using a combination of Excel (for structured inspection and intermediate calculations), Python-based models (for semantic similarity §3.1.3 and AI-generated text signals §3.1.4), SQLite (for structured storage and queryable processing of log records), and the COCO Y0 engine for anti-discriminative multi-attribute analysis. The outputs of this process the constructed Object Attribute Matrix (OAM), similarity and auxiliary indicators derived from text responses, and the final COCO-based rankings with attribute-level impact information, which are subsequently accomplished using the procedures and methods described in §§3.1.1–3.1.9.
Figure 3- I presents the full pipeline of the analytical process §§3.1.1–3.1.9.
[image: ]
[bookmark: _Ref223179094][bookmark: _Toc223097128][bookmark: _Ref223183315][bookmark: _Toc223362981]Figure 3- I End-to-end analytical pipeline of the proposed evaluation framework. (Source: Own presentation)
[bookmark: _Toc223964446]3.1.1. Moodle Data & Structure
I use a pseudonymised dataset collected from a Moodle discussion forum. The analysis is based on forum log data from an IT-course discussion task in which students were required to provide descriptive responses within specified time constraints, enabling both behavioural indicators (e.g., activity patterns and response timing) and text-based indicators to be derived from the same interaction records. 
[image: ]
[bookmark: _Ref223343299][bookmark: _Toc223097095][bookmark: _Toc223097147][bookmark: _Toc223102380][bookmark: _Toc223362982]Figure 3.1.1- I Structure of the raw Moodle log dataset used in this study. Source: Adapted from the author’s conference presentation slides (Turtogtokh et al., 2025), retrieved February, 01, 2026, from https://miau.myx.hu/miau/319/performances/Conference_PPT.pptx
Figure 3.1.1- I presents the structure of the raw log data extracted from the Moodle platform and used in this project. Given the complexity and granularity of these records, the dataset is processed using structured queries and supporting data-handling technologies to isolate and compute student-level indicators from event-level log entries. Based on the defined evaluation framework, 29 attributes are extracted and organized into two conceptual categories: diligence (24 attributes), capturing behavioral engagement patterns (e.g., activity regularity and response timing), and understanding (5 attributes), capturing indicators related to content quality and topical alignment. All attribute definitions are explained in detail in §3.1.5 below.
Dataset and unit of analysis
The dataset comprises Moodle-style higher-education discussion forum posts collected in a thesis/automation/quasi-exam teaching context. It spans 17 October 2024, 12:13 to 17 November 2024, 08:10 (creation timestamps) and includes 24 student pseudonyms (student_**) and two professor pseudonyms. The export contains 12 threads (12 root posts where parent = 0) and 576 messages, including 564 replies (parent ≠ 0). No separate event-log table is available; therefore, each row is treated as a forum-post event (576 row-events) for aggregation into student-level indicators.
Governance, privacy, and storage
Identifiers are pseudonymised (stable labels without direct personal identifiers), enabling within-dataset linkage while reducing re-identification risk. Pre-processing checks found 0 duplicate IDs (deduplication key: id), no empty threads, and one empty message body, which is retained in totals but treated as missing for text-dependent indicators. The working dataset is stored locally in an SQLite database (Annex §8.6.5) to support traceable, queryable processing within the thesis scope; outputs are used only for decision-support analysis, not automated judgement.
[bookmark: _Toc223964447]3.1.2. Log Data Extraction & Pre-Processing
As in most data-driven studies, the analysis begins with data cleaning and pre-processing, since raw datasets are rarely ready for direct analysis. Moodle log exports are no exception: the CSV-formatted forum data contains heterogeneous fields and timestamp representations that must be standardized before reliable attribute extraction is possible. Therefore, the raw CSV data are transformed and loaded into a structured SQL database, which enables efficient querying and consistent computation of student-level indicators.
The dataset covers a single academic semester and consists of Moodle discussion-forum records. The key fields retained for analysis are: userid, discussion (thread identifier), parent (reply-tracker), created, modified, message, subject, and derived word/character counts (see §3.1.1). These fields provide the information required to analyse participation intensity, temporal dynamics (e.g., response latency), interaction structure (via parent–child relations), and text-based indicators on the platform.
To ensure privacy, direct personal identifiers (e.g., student names) were removed from the export before any processing steps were executed. As (Shanthi & Karthikeyan, 2012) note, anonymization can “reduce re-identification risk by making individual records indistinguishable within a group” (pp. 1–4), commonly using generalization and suppression. The cleaned dataset is then inspected for basic consistency issues. Duplicate records are identified and removed, and empty threads (discussions without meaningful content) are excluded to prevent noise in subsequent aggregations. A key pre-processing step is the conversion of the original timestamps from UNIX time to an ISO 8601 datetime representation to ensure correct ordering, filtering, and aggregation of events within the SQL environment.
UNIX timestamp 1729167180 → ISO 8601: 2024-10-17T12:13:00
After time normalization and basic consistency checks, the processed data are imported into an SQL database. The database structure follows the cleaned raw-data schema (row and column layout preserved, with pseudonymised identifiers), which supports direct traceability from source records to derived indicators. SQLite is selected due to its portability and suitability for reproducible analysis workflows, while still enabling efficient query-based extraction of attributes. The structure of the raw data is presented §3.1.1.
Table 3.1.2- I below presents raw data headers and its content example.
	#
	Header
	Content

	1
	id
	Post/message unique ID

	2
	discussion
	Discussion thread ID

	3
	parent
	Parent post ID (0/NULL if top-level)

	4
	userid
	Author’s user ID

	5
	userfullname
	Author’s full name

	6
	created
	Created timestamp (Unix time)

	7
	modified
	Last-modified timestamp (Unix time)

	8
	mailed
	Whether mailed/notified (flag)

	9
	subject
	Post subject/title

	10
	message
	Post body/content

	11
	messageformat
	Message format code (e.g., HTML/plain)

	12
	messagetrust
	Trust flag for message content

	13
	attachment
	Attachment (flag)

	14
	totalscore
	Aggregate rating/score (if enabled)

	15
	mailnow
	Force mail now (flag)

	16
	deleted
	Deleted flag

	17
	privatereplyto
	Private reply target user ID

	18
	privatereplytofullname
	Private reply target full name

	19
	wordcount
	Word count of message

	20
	charcount
	Character count of message


[bookmark: _Ref223179175][bookmark: _Toc223362991]Table 3.1.2- I Raw dataset schema: header fields and contents used in the discussion-level analysis. (Source: extracted from Moodle export (Annex §8.6.5))
Most of the 29 attributes are computed using SQL queries (e.g., counts, time-based aggregations, and interaction patterns), while a smaller subset requires additional mathematical computations performed outside the database (e.g., derived ratios and composite measures). In addition to query-based extraction of quantitative indicators, the workflow also incorporates text-oriented analysis to capture aspects of response quality. Specifically, semantic similarity is computed using cosine similarity to measure topical alignment between student responses and the corresponding instructor prompts, and an AI-generated text detector is applied to provide an auxiliary signal of potential AI usage in written answers. These text-based components complement the log-derived attributes and are explained in detail see §§3.1.3- 3.1.4.
[bookmark: _Toc223964448]3.1.3. Semantic Similarity for Descriptive Text Responses
To evaluate the topical alignment of students’ descriptive answers with the instructor’s prompts, this study computes a topic_relevance_score based on semantic text similarity. The central idea is that responses addressing the intended topic should be semantically close to the corresponding instructor post, even when different wording is used. This is especially important in forum-based tasks where multiple valid phrasings and paraphrases may occur, making purely lexical (keyword-based) matching insufficient.
Sentence embeddings and model choice
Semantic similarity is computed using sentence embeddings generated by the all-MiniLM-L6-v2 model from the Sentence-Transformers framework. The model maps each text (prompt or response) into a fixed-length vector representation intended to capture semantic meaning. This model was selected due to its favorable trade-off between embedding quality and inference efficiency, which enables scalable processing of many student messages within a course dataset.
Similarity metric
Given an instructor prompt embedding and a student reply embedding , similarity is computed using cosine similarity:

[bookmark: _Toc223363021]Equation I Cosine Similarity Formula
The resulting score ranges from -1 to 1 (in practice typically 0 to 1 for this task), where higher values indicate stronger semantic alignment between the student’s response and the instructor’s post.
Data extraction and pairing logic
The computation operates on Moodle forum data stored in SQLite (see §3.1.2). Only replies whose parent value matches an instructor post ID are retained, preventing invalid comparisons and ensuring that each computed score has a well-defined reference prompt.
Processing workflow
The implementation follows these steps:
1. Load data from SQLite into a processing environment (Python/pandas).
2. Preprocess text fields by handling missing or empty messages (e.g., excluding empty content from embedding).
3. Generate embeddings for each instructor post and each student reply using all-MiniLM-L6-v2.
4. Compute cosine similarity between each reply and its corresponding instructor post embedding, producing a reply-level Topic Relevance Score.
5. Persist results by exporting a report file and storing the numeric score back into SQLite (e.g., a relevance_scores table keyed by message ID).
The output dataset contains, for each reply, the student identifier, the linked instructor prompt, and the computed similarity score. Table below illustrates the reply-level structure of this output.
[image: ]
[bookmark: _Toc223362992]Table 3.1.3- I Example structure of reply-level topic relevance results. (Source: Own presentation)
A consolidated reference table for recurring units, scales, and coding conventions used across the thesis is provided in Annex §8.5, Table 8.5- II.
Aggregation to a student-level OAM attribute
Because the OAM requires a single value per student, reply-level similarity scores are aggregated at the student level. First, each reply-level cosine similarity score ​ is mapped to a 0–100 scale:
​
[bookmark: _Toc223363022]Equation II Similarity Score Scaling
[bookmark: _Hlk221272213]Then, for each student , the topic_relevance_score attribute is computed as the arithmetic mean across the student’s valid replies:

[bookmark: _Toc223363023]Equation III Topic Relevance Mean

where ​ is the number of replies authored by student  that are linked to an instructor post and non-empty. This average score is used as the student-level topic_relevance_score attribute in the Object Attribute Matrix (see §3.1.5). 
Interpretation and limitations
While semantic similarity provides a useful proxy for topical alignment, it does not directly measure correctness. High similarity can occur in superficial paraphrases or generic responses, while low similarity may occur in correct answers expressed using unusual wording or additional context. Therefore, the topic_relevance_score is treated as one indicator among multiple attributes, rather than as a standalone assessment metric. This design choice supports the thesis goal of multi-attribute and anti-discriminative evaluation.
Reproducibility
The complete implementation (SQL queries, preprocessing logic, and similarity computation script) is included in the reproducibility package and referenced in the (Annex §8.6.2). In the main thesis, only the workflow and design decisions are documented to ensure clarity and traceability.
The semantic similarity score captures topical alignment but does not indicate how the text was produced. To complement this indicator, the next section (§3.1.4) introduces an auxiliary analysis that estimates the likelihood of AI-assisted generation in student responses, which is used only as a supportive signal within the multi-attribute evaluation framework.
[bookmark: _Toc223964449]3.1.4. AI Detection in Text Responses
Purpose and role in the framework
In addition to topical alignment (§3.1.3) and log-derived behavioral indicators, this study includes an auxiliary indicator related to suspected AI-assisted text generation in student responses. The motivation is that AI-assisted writing has become increasingly common in higher education, and many institutions treat it as relevant contextual information for academic integrity and assessment practices as mentioned in §2.4. However, because automated detectors are imperfect and may produce false positives, the detector output is not interpreted as proof of misconduct. Instead, it is used as a supportive signal that complements other attributes in the multi-attribute evaluation framework.
Model and output definition
AI detection is performed using the pretrained transformer model roberta-base-openai-detector, applied to each student message. For each reply, the model produces a probability-like score that reflects how strongly the text resembles AI-generated content according to the detector’s learned patterns. In this thesis, the reply-level detector output is transformed into a 1–10 rating, where higher values indicate higher suspected AI involvement.
Preprocessing and inference procedure
Before inference, message text is minimally cleaned by normalizing whitespace and removing punctuation to reduce noise in the input representation. Messages are processed with truncation to the model’s maximum sequence length (512 tokens) to ensure consistent inference behavior for longer responses. Messages that are empty or missing are excluded from scoring.
Scaling and aggregation to a student-level OAM attribute
Let denote the detector score for reply . The score is mapped to a 1–10 scale for interpretability:

[bookmark: _Toc223363024]Equation IV AI Score Scaling
A student-level attribute is then calculated by averaging the reply-level ratings across all valid replies written by student :

[bookmark: _Toc223363025]Equation V Student AI Score Mean
where ​ is the number of non-empty replies scored for student . This aggregated value is stored as the OAM attribute avg_AI_involvedMsg_score.
Directionality and interpretation (“higher = worse”)
Within the OAM, the AI-related attribute is defined with negative directionality (higher values are treated as less favorable). This design choice reflects a conservative assessment stance in which higher suspected AI involvement is treated as a potential risk factor for authenticity rather than as evidence of learning quality. Importantly, due to the known limitations of detector reliability, this attribute is interpreted cautiously and only in combination with other indicators (e.g., topic relevance, participation patterns, and correctness checks). It is therefore used to support transparency and review, not to justify automatic punitive decisions.
Limitations
AI-detection models can be sensitive to domain shift, language proficiency, and writing style, which may lead to false positives or false negatives. For this reason, the detector score is treated as an auxiliary signal; results are presented with appropriate warnings, and the overall ranking relies on multiple attributes rather than the AI score alone. Further validation across cohorts, tasks, and writing conditions is identified as future work §6.
Implementation note: The full script (data cleaning, model inference, and database export) is included in the reproducibility package and referenced in the (Annex §8.6.1).
[bookmark: _Toc223964450]3.1.5. OAM Construction/Ranking & Attributes
To represent student performance in a reproducible and machine-processable form, the extracted indicators are organised into an Object–Attribute Matrix (OAM). In the OAM, each row corresponds to a student (object), and each column corresponds to a derived indicator (attribute). This structure supports multi-attribute comparison and provides the standardised input for the subsequent COCO Y0 analysis (§3.1.6). The OAM design follows the similarity-analysis logic where object-level comparison is performed through a direction-aware attribute set.
A total of 29 attributes (A1–A29) are included and grouped into two conceptual perspectives: diligence/behavioural engagement (e.g., participation frequency, activity regularity, response latency, editing behaviour) and understanding/content-related indicators (e.g., topic alignment, task correctness, citation usage, and an auxiliary AI-detection signal). The complete attribute dictionary is shown in Table 3.1.5- I.
	Attr_ID
	Attribute
	Group
	Type
	Dir.
	Unit

	A1
	totalPosts
	Diligence (Quantitative)
	integer
	0 ↑
	count (posts)

	A2
	activeDays
	Diligence (Quantitative)
	integer
	0 ↑
	count (days)

	A3
	total_replies_to_prof
	Diligence (Quantitative)
	integer
	0 ↑
	count (replies)

	A4
	total_characters
	Diligence (Quantitative)
	integer
	0 ↑
	count (characters)

	A5
	total_words
	Diligence (Quantitative)
	integer
	0 ↑
	count (words)

	A6
	avg_words
	Diligence (Quantitative)
	decimal
	0 ↑
	words per post

	A7
	unique_interactions
	Diligence (Quantitative)
	integer
	0 ↑
	count (unique users)

	A8
	unique_discussions
	Diligence (Quantitative)
	integer
	0 ↑
	count (threads)

	A9
	engagement_rate
	Diligence (Quantitative)
	decimal
	0 ↑
	ratio (unitless)

	A10
	normalized_score
	Diligence (Quantitative)
	decimal
	0 ↑
	score (unitless)

	A11
	deadline_exceeded_posts(Quasi exam I)
	Diligence (Quantitative)
	integer
	1 ↓
	count (late posts)

	A12
	deadline_exceeded_posts(Quasi exam II)
	Diligence (Quantitative)
	integer
	1 ↓
	count (late posts)

	A13
	deadline_exceeded(Quasi exam III)
	Diligence (Quantitative)
	integer
	1 ↓
	count (late posts)

	A14
	Pattern_followed(quasi exam i)
	Understanding (Qualitative)
	integer
	0 ↑
	count (0–2)

	A15
	avg_AI_involvedMsg_score
	Understanding (Qualitative)
	integer
	1 ↓
	rating (1–10)

	A16
	consistency_score
	Diligence (Quantitative)
	integer
	0 ↑
	score (unitless)

	A17
	topic_relevance_score
	Understanding (Qualitative)
	integer
	0 ↑
	score (0–100)

	A18
	citation_count
	Understanding (Qualitative)
	integer
	0 ↑
	count (citations/links)

	A19
	max_streak
	Diligence (Quantitative)
	integer
	0 ↑
	count (days)

	A20
	avg_charcount
	Diligence (Quantitative)
	decimal
	0 ↑
	chars per post

	A21
	max_charcount
	Diligence (Quantitative)
	integer
	1 ↓
	count (characters)

	A22
	min_charcount
	Diligence (Quantitative)
	integer
	0 ↑
	count (characters)

	A23
	avg_reply_time
	Diligence (Quantitative)
	decimal
	1 ↓
	hours

	A24
	valid_response
	Understanding (Qualitative)
	binary
	0 ↑
	binary (0/1)

	A25
	modification_count
	Diligence (Quantitative)
	integer
	0 ↑
	count (edits)

	A26
	avg_modified_time_minutes
	Diligence (Quantitative)
	decimal
	0 ↑
	minutes

	A27
	response_time_in_hours(Task-I)
	Diligence (Quantitative)
	integer
	1 ↓
	hours

	A28
	response_time_in_hours(Task-II)
	Diligence (Quantitative)
	integer
	1 ↓
	hours

	A29
	average_posts_per_day
	Diligence (Quantitative)
	decimal
	0 ↑
	posts per day


[bookmark: _Ref223183018][bookmark: _Toc223362993]Table 3.1.5- I Attribute dictionary and direction rules. (Source: Own presentation)
In addition to constructing a single combined OAM containing all 29 attributes, the indicators were also separated into two category-specific matrices—one containing only diligence-related attributes and one containing only understanding-related attributes. This separation supports sensitivity-oriented interpretation by allowing the ranking outcomes of each dimension to be examined independently and compared against the composite ranking produced by the full OAM. The resulting rankings (combined OAM, diligence-only OAM, and understanding-only OAM see Annex §8.6.1 sheet: diligence, understanding) were then compared with the peer-review evaluation conducted within the classroom exclusively among students, enabling an empirical check of how closely log-derived, objective rankings align with cohort-based subjective judgements across both the full attribute set and the category-specific subsets. Table 3.1.5- II presents the table header rows and their uses.
	Field / row
	Meaning
	Where used

	userid
	Pseudonymised student identifier
	OAM row identity

	attribute_name
	attribute column labels
	documentation + traceability

	attribute_id (A1…A29)
	stable attribute identifiers
	COCO input + reproducibility

	type
	integer / decimal
	parsing + validation

	direction
	0=↑ better, 1=↓ better
	ranking logic + COCO

	Y
	constant target/label column (e.g., 1000)
	COCO engine input format requirement


[bookmark: _Ref223183040][bookmark: _Toc223362994]Table 3.1.5- II Description of dataset header fields and their analytical roles in the proposed workflow. (Source: Own presentation)
The attribute set (A1–A29) was selected according to four design principles to ensure methodological coherence and practical usability. First, observability: each attribute must be derivable from Moodle forum logs or from clearly defined text-processing outputs, ensuring that measurement is grounded in recorded behaviour. Second, interpretability and actionability: indicators are chosen to support pedagogically meaningful interpretation and to enable actionable feedback (e.g., regularity of participation, response latency, topical alignment). Third, coverage of complementary performance dimensions: the diligence–understanding split operationalises multi-faceted assessment and avoids reliance on a single proxy variable. Fourth, redundancy control: where multiple indicators capture related aspects (e.g., counts vs rates), attributes are retained only when they add distinct informational value or robustness to noise in any single measure.
Because LMS log data may contain incomplete records (e.g., students who did not participate in a specific thread, tasks with no reply, or absent events such as edits), a consistent rule for missingness is required. Missing attribute values are imputed with zero when the absence of an event has a clear behavioural interpretation (e.g., zero late posts, zero citations, zero modifications, or no submission for a task). This decision preserves the semantics of non-participation as observable evidence and ensures that the OAM remains rectangular (one value per student per attribute), which is necessary for deterministic ranking and COCO processing. To reduce the risk of conflating true zeros with data artefacts, integrity checks described in §3.1.2 are applied (including duplicate handling and removal of empty threads). For message-level indicators (e.g., per-reply topic relevance, per-message AI score), values are aggregated to the student level using defined aggregation rules (e.g., arithmetic means over available messages); if a student has no eligible messages for a given indicator, the student-level value is set to 0 under the same non-event interpretation. This imputation choice is treated as a modelling assumption particularly for students with minimal participation.
3.1.5.1 Attribute Direction
A key requirement for objective ranking is that each attribute has an explicit direction of improvement (direction vector). In this thesis, direction = 0 denotes a benefit-type attribute (higher values are more favourable), while direction = 1 denotes a cost-type attribute (lower values are more favourable). In line with the methodological decision described in §3.1.4, the AI-related attribute (A15) is treated as cost-type (higher = worse) because it is interpreted as a risk signal rather than a direct indicator of learning quality. For transparency, non-obvious direction assignments are explicitly motivated. First, the AI-related signal (A15) is encoded as cost-type to prevent a scenario where a high AI-likelihood score could improve ranking; the indicator is used to support interpretation and potential review, not automated punishment. Second, maximum post length (A21) is treated as cost-type in this context because excessive single-message length can reflect verbosity or low conciseness in time-constrained, descriptive tasks, and should not be assumed to be beneficial as a performance proxy. These choices are context-dependent modelling decisions and are revisited in the discussion §4.
	Code in OAM
	Meaning
	Interpretation

	0
	Benefit-type (↑ better)
	Higher values indicate better performance

	1
	Cost-type (↓ better)
	Lower values indicate better performance


[bookmark: _Ref223185648][bookmark: _Toc223362995]Table 3.1.5- III Direction codes and the corresponding decision rules used to interpret attribute influence within the evaluation framework. (Source: Own presentation)
3.1.5.2 Baseline Target Value 
In the exported OAM, the final column  is set to a constant value for all students.

[bookmark: _Toc223363026]Equation VI Baseline Target Value
This constant functions as a baseline performance index required by the downstream COCO Y0 workflow, which applies optimisation-based comparison logic and expects a stable, positive reference level. Setting a strictly positive baseline avoids representational problems that may arise when negative values occur (e.g., sign changes that are difficult to interpret consistently in linear/optimisation settings).  In this thesis, the constant target  is interpreted as a fixed baseline expressed in COCO index units rather than as an observed grade or externally measured outcome see Table 8.5- II.
The choice of 1000 is pragmatic: it is sufficiently large to provide numerical headroom for increases/decreases in derived scores while remaining easy to interpret. Larger baselines (e.g., 10,000 or 1,000,000) could increase numeric granularity in intermediate computations, but would not materially change the ordinal comparison structure; they primarily scale magnitudes rather than the comparative ordering. 
Importantly,  is not used as an external ground-truth label (such as exam grades). Instead, it is a fixed reference value that enables consistent processing of the OAM within the COCO engine. See Table 3.1.5- IV
[image: ][image: ]
[bookmark: _Ref223183125][bookmark: _Toc223362996]Table 3.1.5- IV Object attribute matrix. (Source: Own presentation).
3.1.5.3 Direction-aware ranking of OAM attributes 
Before processing, the OAM is transformed into a rank-based representation to improve comparability across heterogeneous measurement scales (counts, hours, ratios, NLP-derived scores) using the built-in =RANK() function. For each attribute ​, students are ordered according to the attribute’s predefined directionality (benefit-type vs cost-type), yielding for each student  a rank ​ that indicates the student’s relative position within the cohort for that attribute. 
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[bookmark: _Toc223362997]Table 3.1.5- V Excel formula used to generate the ranked Object–Attribute Matrix (ranked OAM) from the base OAM by applying the project’s rule-based scoring and ordering logic. (Source: Own presentation, Annex §8.6.1)
Formally, for a given attribute ​ with student values , the rank is computed as:

[bookmark: _Toc223363027]Equation VII Direction-Aware Rank Formula
where ​ is the direction code stored in the OAM header. In the Excel implementation, direction = 0 applies descending ranking (largest value receives rank 1), while direction = 1 applies ascending ranking (smallest value receives rank 1). This direction-aware ranking provides two methodological advantages. First, it ensures that attributes remain interpretable under a uniform “lower rank = better” convention across all columns, despite differing units and scales. Second, it reduces the influence of magnitude difference between attributes (e.g., hours vs counts) by converting them into a common ordinal representation while preserving the intended direction of improvement. 
The resulting rank matrix creates a structured, standardised input that supports the next stage of analysis: COCO Y0 anti-discriminative evaluation, where students are assessed individually and comparatively based on the multi-attribute evidence encoded in the OAM (§3.1.6). See Table 3.1.5- VI.
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[bookmark: _Ref223183277][bookmark: _Toc223362998]Table 3.1.5- VI Ranked OAM.  (Source: Own presentation, Annex §8.6.1)
All computations, intermediate steps, and derived OAM values are fully documented and verifiable in the accompanying Excel workbook (see Annex §8.6.1 sheet: OAM_ALL_ATT), which contains the complete pipeline outputs and the formulas used to reproduce each attribute and ranking result.
[bookmark: _Toc223964451]3.1.6. COCO Y0 Analysis & Attribute Exclusion
This study applies the COCO Y0 variant to evaluate student performance profiles under a constant reference target rather than an externally observed dependent variable. The Y0 setting is appropriate in contexts where a meaningful “true” outcome variable (e.g., exam grade, price) is unavailable or intentionally not used, and the analytical goal is to assess general similarity, coherence, and comparability of objects described by multiple attributes. In the present case, the rank-transformed OAM constructed in §3.1.5 provides the model input, and COCO is used as an optimisation-based, direction-aware mechanism to derive a consistent ordering of students from heterogeneous indicators while avoiding direct dependence on raw measurement units. This aligns with the similarity-analysis framing where objects are compared through direction-controlled attributes and stepwise monotonic structures (Pitlik, 2014).
3.1.6.1. COCO Y0 inputs, configuration, and execution
COCO Y0 was executed using the web-based interface provided by the MYX/MIAU environment (see Annex §8.6.1 sheet:  ). The input to COCO consisted of the ranked OAM matrix (all attributes, understanding attributes, diligence attributes, and excluded attributes), submitted as a numeric matrix without header labels (attribute names), using the same attribute ordering as the OAM catalogue (A1–A29) see Figure 3- I. The dataset contained 24 objects (students) and 29 attributes, and the target column was set to the constant baseline Y = 1000 for every object, following the baseline rationale defined in §3.1.5.
Exact input and its outputs can be found from EXCEL file in (Annex §8.6.1 sheet: Rank_All).
In the configuration, the number of staircase steps (“stairs”) was equal to the number of objects (24 stairs for 24 students). Using one step per object follows the default tool logic and maximises the flexibility of the fitted stepwise (staircase) representation. In this run, negative steps were disabled, and the offset parameter remained at the default value (offset = 0). The additional function-symmetry and inverse-run checks (used to assess stability and directional consistency) are reported separately in §3.1.7 and therefore are not expanded here.
For reproducibility, each COCO execution is uniquely traceable via the run identifier generated by the web tool, and the corresponding ranked input matrix and exported output tables are stored in (Annex §8.6.1 sheet: Model_All).
3.1.6.2. Output structure and interpretation
COCO Y0 run produces a structured output with four main components (see Annex §8.6.1 sheet: Model_All):
· Object ranking table: the model-consistent ordering of objects, accompanied by each object’s attribute-side positions under the fitted structure.
· Staircase-function tables (stairs(1) and stairs(2)): diagnostic representations of the fitted step structure per attribute under the chosen number of stairs.
· COCO estimation table: the core results table reporting the estimated values (“Estimation”) and related diagnostics (e.g., the difference between estimation and the constant target, shown as delta-type quantities).
· Global diagnostic summary: aggregate indicators of model fit and internal consistency (e.g., step totals and discrepancy summaries).
In this thesis, the primary quantitative output used for comparative evaluation is the COCO-estimated value reported in the estimation table. These estimated values represent a model-consistent performance index produced under the constant baseline (Y = 1000) and the fitted staircase structure. Interpretation is therefore comparative: students are evaluated by the ordering induced by COCO (ranking and estimated indices), rather than by any single raw attribute.
Because the Y vector is constant in Y0, COCO is not performing supervised prediction and does not attempt to reproduce external grades. Instead, the informative content lies in how well each object’s ranked attribute profile can be represented under a common monotone, stepwise structure. Put differently, COCO Y0 operationalises compatibility with the cohort’s multi-attribute pattern: objects whose profiles can be represented with smaller inconsistencies relative to the constant target are positioned accordingly in the output ordering (Pitlik, 2014). The role of the staircase tables is diagnostic: they provide a structured lens for identifying attributes that behave informatively or degenerately under the fitted step structure, which is used directly in the exclusion procedure described next. The full description of the use of the COCO Y0 engine can be found in Annex §8.6.6 of the thesis.
3.1.6.3 Attribute exclusion based on staircase diagnostics
To support interpretability and reduce redundancy, the COCO analysis was complemented with an attribute exclusion step driven by the model’s staircase diagnostics. The COCO output includes the “stairs(2)” table, which summarises the fitted step structure per attribute. In the present workflow, attributes were flagged as exclusion candidates when the staircase diagnostics indicated a degenerate / weakly informative configuration relative to the cohort size.
Operationally, the applied rule was: an attribute is marked as candidate for exclusion if the staircase diagnostic yields a top-step value S1 = n − 1, where n is the number of objects (here n = 24, hence S1 = 23). In this dataset, this pattern was treated as evidence that the attribute does not introduce meaningful separation beyond what is already implied by the constant-baseline setting and the rank constraints, and therefore contributes limited additional structure to the Y0 evaluation.
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[bookmark: _Ref223183542][bookmark: _Ref223183539][bookmark: _Toc223362999]Table 3.1.6- I Excluded-attribute cases under the Stairs-2 table from COCO, where the row S1 value is one less than the total number of objects.  (Source: Own presentation, Annex §8.6.1)
In Table 3.1.6- I the highlighted columns are the ones that match the rule.
Using this rule, a reduced attribute set was created and the COCO Y0 model was re-run on the reduced ranked matrix. The goal of this second run is not ad hoc tuning; rather, it serves as a structured parsimony and robustness check: removing attributes that appear non-informative in the fitted staircase representation and examining whether the resulting ordering is more stable and interpretable. The comparison between the full and reduced runs is integrated into the stability and validation discussion in §3.1.7 and summarised with the final outputs in §3.1.8.
Implementation notes and limitations
Two implementation aspects are important for correct interpretation. First, because COCO is applied to the ranked OAM, the method operates on ordinal information rather than raw magnitudes. This improves comparability across heterogeneous indicators (counts, ratios, hours, NLP-derived scores), but it also implies that within-attribute numeric gaps are intentionally compressed into rank positions. Second, no special tie-handling strategy beyond the default ranking-stage behaviour was applied. When multiple students share identical values for an attribute, ties reduce the discriminative power of that attribute at the ranking stage, which can propagate into the COCO input. This is addressed indirectly by the validation logic in §3.1.7 and through the comparative run strategy (full set vs reduced set vs category-specific runs) reported in §3.1.8.
Overall, COCO Y0 provides the study’s optimisation-based, direction-aware comparison mechanism: it transforms ranked multi-attribute student profiles into a model-consistent evaluation output and supports principled attribute reduction through staircase diagnostics. This section therefore forms the analytical bridge between OAM construction and ranking (§3.1.5) and the validation/robustness analysis (§3.1.7) and consolidated results (§3.1.8).
[bookmark: _Toc223964452]3.1.7. Function-Symmetry Validation
Because COCO Y0 operates under a constant target value (Y = 1000 for all objects) and is used here for aimless similarity rather than supervised prediction, validation must focus on internal consistency rather than goodness-of-fit to external labels. One such internal check is function-symmetry validation via an inverse run, which examines whether the model’s deviation pattern around the constant baseline behaves consistently when the ranked input is systematically inverted.
Why inverse-run check is meaningful in Y0
In the Y0 setting, informative structure is not carried by variability in the Y-vector (since it is constant), but by how each object’s ranked attribute profile can be represented by the stepwise (staircase) model under the monotonic constraints. The COCO output therefore includes object-level diagnostics that indicate whether the model’s estimated value falls slightly above or below the constant baseline. A symmetry check becomes meaningful under the following expectation: if an object’s profile is transformed into its rank-reversed counterpart, the direction of its deviation from the baseline should tend to reverse as well (up to discretisation effects, ties, and constraints). This provides a practical consistency test for the optimisation-based scoring logic, aligned with the similarity-analysis framing (Pitlik, 2014).
Constructing the inverse ranked matrix
The inverse run uses an inverted representation of the ranked OAM (the same object set and the same attribute set, but with ranks mirrored). Let denote the number of objects (here ). For each ranked cell  (object , attribute ), the inverse value is computed by:
 
[bookmark: _Toc223363028]Equation VIII Rank Matrix Inversion
With , this reduces to . The Y column remains constant at  to preserve the Y0 setting. The inverted ranked matrix is then submitted to COCO Y0 using the same configuration principle as the baseline run (same number of objects and attributes; stairs equal to the object count).
Validation signal used: Delta/Fact from the estimation table
The primary diagnostic used for this validation is the Delta/Fact column from the COCO estimation table. In the COCO output, the constant baseline appears as “Fact+0” (=1000), and the model produces an “Estimation” per object. The reported deviation is:
· 
· 
· 
[bookmark: _Toc223363029]Equation IX  Delta-to-Fact Ratio
Accordingly,  indicates an estimated value below the baseline (under-baseline), while  indicates an estimate above the baseline (over-baseline). Values equal to zero indicate an exact match to the baseline in the output resolution of the model.
Decision rule: sign-reversal consistency under inversion
For each object , the baseline run produces a deviation ratio ​, and the inverse run produces  The inverse-run symmetry condition is operationalised as a sign-reversal or neutralisation rule:

[bookmark: _Toc223363030]Equation X Symmetry Validity Rule
This rule treats an object as consistent (valid = 1) if the deviation sign flips between the baseline and inverse runs, or if at least one of the deviations is exactly zero (neutral). Conversely, valid = 0 indicates a same-sign deviation under inversion, interpreted as a local inconsistency relative to the expected mirror behaviour.
Figure 3.1.7- I shows the high-level operation of the function-symmetry check.
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[bookmark: _Ref223183602][bookmark: _Ref223183595][bookmark: _Toc223362983]Figure 3.1.7- I Function-symmetry validation logic. (Source: Own presentation).
Interpretation and limitations of the symmetry test
This inverse-run check is an internal consistency diagnostic, not a guarantee of correctness. Several practical factors can prevent perfect sign-reversal even when the model is operating coherently: (i) ties in ranked attributes compress information, potentially stabilising the solution on the same side of the baseline; (ii) the staircase constraint imposes discrete step structures that may yield coarse deviation values; and (iii) Y0 optimisation can admit multiple near-equivalent solutions when the constant target does not constrain object separation strongly. For these reasons, the validation is interpreted as a robustness indicator: a higher proportion of valid objects supports the claim that the COCO Y0 evaluation behaves consistently under a deterministic inversion of the ranked input, while isolated invalid cases motivate closer inspection in the subsequent verification and results chapters.
[bookmark: _Toc223964453]3.1.8. Results
This chapter reports the results produced by the COCO Y0 engine across three configurations: (1) the full attribute set, (2) the diligence-only attribute subset, and (3) the understanding-only attribute subset. For each configuration, results are presented for the initial run and for the reduced (excluded-attribute) re-run, where the exclusion set is derived from the staircase diagnostics described in §3.1.6.3. In addition, each run is accompanied by the function-symmetry validation outcome (see §3.1.7), reported in the summary tables through the delta/fact inverse and validation columns.
For consistency across subchapters, each results block begins with a run summary table containing the COCO-estimated values (“estimation”), the relative deviation from the constant target (delta/fact), the corresponding quantity from the inverse-run (delta/fact inv), the derived validity flag (validation), and the resulting object ordering (rank). All outputs and intermediate computations are archived in the accompanying reproducibility workbook (Annex §8.6.1 sheet: Model_All). In the following result tables,  and estimation are reported in COCO index units, delta/fact measures in %, validation as a binary flag (0/1), and rank as ordinal position; see Annex §8.5, Table 8.5- II.
3.1.8.1. Full attribute set (A1–A29)
Table 3.1.8- I reports the COCO Y0 output obtained from the ranked OAM with 24 objects (students) and 29 attributes, under a constant baseline target (Y = 1000). The resulting estimated values are highly saturated around the baseline (only 999, 1000, and 1001 appear), which yields very coarse discrimination and large tie groups in the final ordering (e.g., multiple students share rank 1, rank 9, and rank 20). This pattern should not be interpreted as a “failure” of COCO; rather, it indicates that the chosen attribute set—after rank transformation and under the monotone staircase constraints of Y0—does not separate the cohort strongly. In practical terms, many students exhibit near-equivalent rank profiles, or several attributes become effectively identical/low-variance after ranking, so COCO can represent many objects with almost the same model-consistent estimate.
	User ID
	Username
	Y (COCO index units)
	Estimation (COCO index units)
	delta/fact (deviation %)
	delta/fact inverse (deviation %)
	Validation (Binary 1/0)
	Rank (ordinal Position)

	1
	student_1
	1000
	1000
	0
	0
	1
	9

	2
	student_2
	1000
	1001
	-0.1
	0
	1
	1

	3
	student_3
	1000
	999
	0.1
	0
	1
	20

	4
	student_4
	1000
	1001
	-0.1
	-0.1
	0
	1

	5
	student_5
	1000
	1000
	0
	0
	1
	9

	6
	student_6
	1000
	1000
	0
	0
	1
	9

	7
	student_7
	1000
	999
	0.1
	0
	1
	20

	8
	student_8
	1000
	1001
	-0.1
	0
	1
	1

	9
	student_9
	1000
	1000
	0
	0
	1
	9

	10
	student_10
	1000
	999
	0.1
	0
	1
	20

	11
	student_11
	1000
	1000
	0
	0
	1
	9

	12
	student_12
	1000
	999
	0.1
	0
	1
	20

	13
	student_13
	1000
	1001
	-0.1
	0
	1
	1

	14
	student_14
	1000
	1000
	0
	0
	1
	9

	15
	student_15
	1000
	1000
	0
	0.1
	1
	9

	16
	student_16
	1000
	1001
	-0.1
	-0.1
	0
	1

	17
	student_17
	1000
	1000
	0
	0
	1
	9

	18
	student_18
	1000
	999
	0.1
	0
	1
	20

	19
	student_19
	1000
	1001
	-0.1
	0
	1
	1

	20
	student_20
	1000
	1001
	-0.1
	-0.1
	0
	1

	21
	student_21
	1000
	1000
	0
	0
	1
	9

	22
	student_22
	1000
	1001
	-0.1
	0
	1
	1

	23
	student_23
	1000
	1000
	0
	0
	1
	9

	24
	student_24
	1000
	1000
	0
	0
	1
	9


[bookmark: _Ref223183645][bookmark: _Ref223183640][bookmark: _Ref223184384][bookmark: _Toc223363000]Table 3.1.8- I Full attribute set. Result summary. (Source: Own presentation, Annex §8.6.1)
Validation outcome. In the inverse-run symmetry check, most objects satisfy the expected sign-change condition (validation = 1). A small number of cases fail the check (validation = 0), which is consistent with the limited numeric spread of the estimates in the initial full-attribute run: when the solution is highly saturated (near-constant estimates), small rounding effects and tie structures can make the inverse-run discrepancy behave non-ideally for a subset of objects.
Staircase-driven exclusion and re-run. To test whether the saturation is caused by attributes that are weakly informative under the staircase diagnostic (§3.1.6.3), the model was re-run after excluding 13 attributes flagged by the staircase rule. The excluded attributes are listed in Table 3.1.8- III (Excluded IDs: A3, A4, A7, A9, A10, A13, A14, A19, A23, A24, A25, A27, A28).
Attribute exclusion and re-run
Table 3.1.8- II shows the results after applying the staircase-based exclusion rule and re-running COCO Y0 on the reduced attribute set. Compared to the initial run, the reduced model produces a substantially wider spread of estimated values and therefore a much more informative ordering. In other words, after removing attributes flagged as non-informative under the staircase diagnostic, the remaining attribute set yields a sharper and more discriminative similarity structure among students.
	User ID
	Username
	Y (COCO index units)
	Estimation (COCO index units)
	delta/fact (deviation %)
	delta/fact inverse (deviation %)
	Validation (Binary 1/0)
	Rank (ordinal Position)

	1
	student_1
	1000
	1001.3
	-0.13
	0.13
	1
	11

	2
	student_2
	1000
	947.7
	5.23
	-5.21
	1
	22

	3
	student_3
	1000
	923.2
	7.68
	-7.66
	1
	24

	4
	student_4
	1000
	1053.4
	-5.34
	5.32
	1
	2

	5
	student_5
	1000
	974.8
	2.52
	-2.52
	1
	19

	6
	student_6
	1000
	1063.4
	-6.34
	6.32
	1
	1

	7
	student_7
	1000
	1022.8
	-2.28
	2.28
	1
	7

	8
	student_8
	1000
	993.3
	0.67
	-0.67
	1
	13

	9
	student_9
	1000
	947.2
	5.28
	-5.26
	1
	23

	10
	student_10
	1000
	1022.8
	-2.28
	2.28
	1
	7

	11
	student_11
	1000
	981.8
	1.82
	-1.07
	1
	18

	12
	student_12
	1000
	1041.3
	-4.13
	3.37
	1
	4

	13
	student_13
	1000
	974.3
	2.57
	-2.57
	1
	20

	14
	student_14
	1000
	1017.8
	-1.78
	1.78
	1
	10

	15
	student_15
	1000
	1001.3
	-0.13
	0.13
	1
	11

	16
	student_16
	1000
	987.3
	1.27
	-1.27
	1
	15

	17
	student_17
	1000
	984.3
	1.57
	-1.57
	1
	16

	18
	student_18
	1000
	958.7
	4.13
	-4.12
	1
	21

	19
	student_19
	1000
	1026.3
	-2.63
	2.63
	1
	6

	20
	student_20
	1000
	1047.9
	-4.79
	4.77
	1
	3

	21
	student_21
	1000
	993.3
	0.67
	-0.67
	1
	13

	22
	student_22
	1000
	1033.3
	-3.33
	3.32
	1
	5

	23
	student_23
	1000
	1019.3
	-1.93
	1.93
	1
	9

	24
	student_24
	1000
	983.3
	1.67
	-1.67
	1
	17


[bookmark: _Ref223183698][bookmark: _Toc223363001]Table 3.1.8- II Excluded attributes result. (Source: Own presentation, Annex §8.6.1)
	Excluded ID
	Excluded attribute name

	A3
	total_replies_to_prof

	A4
	total_characters

	A7
	unique_interactions

	A9
	engagement_rate

	A10
	normanlized_score(…)

	A13
	deadline_exceeded(Quasi exam III)

	A14
	Pattern_followed(quasi exam i)

	A19
	max_streak

	A23
	avg_reply_time

	A24
	valid_response

	A25
	modification_count

	A27
	response_time_in_hours(Task-I)

	A28
	response_time_in_hours(Task-II)


[bookmark: _Ref223183683][bookmark: _Toc223363002]Table 3.1.8- III List of excluded attributes. (Source: Own presentation).
Effect on ranking. The shift from the saturated initial ranking to the more differentiated excluded-run ranking should be interpreted primarily as an increase in resolution rather than a contradiction. In Y0, the COCO estimate is not a supervised prediction of an external criterion; it is a model-consistent performance index derived from the multi-attribute rank profile under the monotone staircase structure (Pitlik, 2014).When the attribute set produces limited structural separation, COCO will naturally yield near-baseline estimates and large ties; when weakly informative attributes are removed, the remaining attributes can induce a clearer monotone structure, producing wider estimate dispersion and a more interpretable ordering. For transparency, both variants (full and excluded-run full) are retained in the results, because they represent complementary views of the same cohort under (i) maximal attribute inclusion and (ii) a staircase-diagnostic parsimony constraint.
3.1.8.2. Diligence attribute subset
[bookmark: _1834222475]Table 3.1.8- IV reports the COCO Y0 output using only the diligence attribute subset. Although the estimates remain centred around the constant baseline (Y = 1000), the ordering is highly tie-dominated: 20 of 24 students share rank 1, indicating that the diligence-only rank profiles are largely homogeneous under the monotone staircase constraints, and therefore do not separate the cohort strongly in this configuration. The inverse-run function-symmetry check is satisfied for 22/24 objects; two cases are flagged as inconsistent (student_5 and student_12, validation = 0), which is consistent with the coarse/tie-heavy solution structure.
	User ID
	Username
	Y (COCO index units)
	Estimation (COCO index units)
	delta/fact (deviation %)
	delta/fact inverse (deviation %)
	Validation (Binary 1/0)
	Rank (ordinal Position)

	1
	student_1
	1000
	1001
	-0.1
	0
	1
	1

	2
	student_2
	1000
	1000
	0
	0
	1
	19

	3
	student_3
	1000
	1001
	-0.1
	0
	1
	1

	4
	student_4
	1000
	1000
	0
	0
	1
	18

	5
	student_5
	1000
	1001
	-0.1
	-0.1
	0
	1

	6
	student_6
	1000
	1001
	-0.1
	0
	1
	1

	7
	student_7
	1000
	1001
	-0.1
	0
	1
	1

	8
	student_8
	1000
	1001
	-0.1
	0
	1
	1

	9
	student_9
	1000
	1001
	-0.1
	0
	1
	1

	10
	student_10
	1000
	1001
	-0.1
	0.1
	1
	1

	11
	student_11
	1000
	1001
	-0.1
	0
	1
	1

	12
	student_12
	1000
	1001
	-0.1
	-0.1
	0
	1

	13
	student_13
	1000
	1000
	0
	0
	1
	10

	14
	student_14
	1000
	1001
	-0.1
	0
	1
	1

	15
	student_15
	1000
	1001
	-0.1
	0
	1
	1

	16
	student_16
	1000
	1001
	-0.1
	0.1
	1
	1

	17
	student_17
	1000
	1001
	-0.1
	0
	1
	1

	18
	student_18
	1000
	1001
	-0.1
	0.1
	1
	1

	19
	student_19
	1000
	1000
	0
	0
	1
	5

	20
	student_20
	1000
	1001
	-0.1
	0
	1
	1

	21
	student_21
	1000
	1001
	-0.1
	0.1
	1
	1

	22
	student_22
	1000
	1001
	-0.1
	0
	1
	1

	23
	student_23
	1000
	1001
	-0.1
	0
	1
	1

	24
	student_24
	1000
	1000
	0
	0
	1
	1


[bookmark: _Ref223183721][bookmark: _Toc223363003]Table 3.1.8- IV Diligence attribute result summary table. (Source: Own presentation, Annex §8.6.1)
Attribute exclusion and re-run
After applying the staircase-based exclusion rule and re-running COCO (Table 3.1.8- V), the ranking becomes more informative and less saturated by a single tie-group. The best diligence profile is student_6 (rank 1, estimation 1042.7), followed by student_11 (rank 2, 1019.6) and student_4 (rank 3, 1016.1), while the lowest estimates occur for student_2 (rank 24, 964.4) and student_19 (rank 23, 969.9). A tie-group still remains (rank 7 shared by 10 students at estimation 1003.6), but overall discrimination improves relative to the initial run, and the symmetry validation improves to 23/24 valid (only student_16 flagged as invalid).
	User ID
	Username
	Y (COCO index units)
	Estimation (COCO index units)
	delta/fact (deviation %)
	delta/fact inverse (deviation %)
	Validation (Binary 1/0)
	Rank (ordinal Position)

	1
	student_1
	1000
	1003.6
	-0.36
	0.35
	1
	7

	2
	student_2
	1000
	964.4
	3.56
	-3.53
	1
	24

	3
	student_3
	1000
	1003.6
	-0.36
	0.35
	1
	7

	4
	student_4
	1000
	1016.1
	-1.61
	0.35
	1
	3

	5
	student_5
	1000
	1003.6
	-0.36
	0.35
	1
	7

	6
	student_6
	1000
	1042.7
	-4.27
	4.64
	1
	1

	7
	student_7
	1000
	1003.6
	-0.36
	0.35
	1
	7

	8
	student_8
	1000
	995.5
	0.45
	-0.45
	1
	18

	9
	student_9
	1000
	1003.6
	-0.36
	0.35
	1
	7

	10
	student_10
	1000
	1003.6
	-0.36
	0.35
	1
	7

	11
	student_11
	1000
	1019.6
	-1.96
	2.39
	1
	2

	12
	student_12
	1000
	1003.6
	-0.36
	0.35
	1
	7

	13
	student_13
	1000
	1010.6
	-1.06
	1.05
	1
	5

	14
	student_14
	1000
	1003.6
	-0.36
	0.35
	1
	7

	15
	student_15
	1000
	971.4
	2.86
	-2.84
	1
	22

	16
	student_16
	1000
	998.5
	0.15
	0.35
	0
	17

	17
	student_17
	1000
	1003.6
	-0.36
	0.35
	1
	7

	18
	student_18
	1000
	1003.6
	-0.36
	0.35
	1
	7

	19
	student_19
	1000
	969.9
	3.01
	-2.99
	1
	23

	20
	student_20
	1000
	994.5
	0.55
	-1.04
	1
	19

	21
	student_21
	1000
	972.9
	2.71
	-2.69
	1
	21

	22
	student_22
	1000
	1012.6
	-1.26
	1.65
	1
	4

	23
	student_23
	1000
	1007.1
	-0.71
	0.7
	1
	6

	24
	student_24
	1000
	988.5
	1.15
	-1.14
	1
	20


[bookmark: _Ref223183737][bookmark: _Toc223363004]Table 3.1.8- V Excluded diligence attribute result summary table. (Source: Own presentation, Annex §8.6.1)
	Excluded ID
	Excluded attribute name

	A1
	totalPosts

	A5
	total_words

	A8
	unique_discussions

	A9
	engagement_rate

	A11
	deadline_exceeded_posts(Quasi exam I)

	A13
	deadline_exceeded(Quasi exam III)

	A25
	modification_count

	A27
	response_time_in_hours(Task-I)

	A28
	response_time_in_hours(Task-II)

	A29
	average_posts_per_day


[bookmark: _Toc223363005]Table 3.1.8- VI List of excluded attributes for the diligence run. (Source: Own presentation)
3.1.8.3. Understanding attribute subset
In contrast to diligence, the understanding-only run produces a naturally wider estimate range and a more structured ordering already in the initial configuration (Table 3.1.8- VII). The best-ranked case (student_24) is clearly above the baseline, whereas the lowest-ranked case (student_1) falls substantially below it. The inverse-run symmetry check is satisfied for nearly the entire cohort, with a single exception (student_7), indicating high internal consistency overall in this subset.
	User ID
	Username
	Y (COCO index units)
	Estimation (COCO index units)
	delta/fact (deviation %)
	delta/fact inverse (deviation %)
	Validation (Binary 1/0)
	Rank (ordinal Position)

	1
	student_1
	1000
	975.2
	2.48
	-2.49
	1
	24

	2
	student_2
	1000
	992.6
	0.74
	-1
	1
	19

	3
	student_3
	1000
	1012.5
	-1.25
	0.98
	1
	2

	4
	student_4
	1000
	1007.5
	-0.75
	0.58
	1
	6

	5
	student_5
	1000
	996.1
	0.39
	-0.51
	1
	14

	6
	student_6
	1000
	1009.5
	-0.95
	0.58
	1
	4

	7
	student_7
	1000
	1000.6
	-0.06
	-0.21
	0
	11

	8
	student_8
	1000
	1004.6
	-0.46
	0.09
	1
	8

	9
	student_9
	1000
	1007.5
	-0.75
	0.48
	1
	5

	10
	student_10
	1000
	1005.6
	-0.56
	0.29
	1
	5

	11
	student_11
	1000
	1009
	-0.9
	0.78
	1
	4

	12
	student_12
	1000
	993.1
	0.69
	-0.8
	1
	9

	13
	student_13
	1000
	979.2
	2.08
	-1.89
	1
	12

	14
	student_14
	1000
	986.2
	1.38
	-1.4
	1
	11

	15
	student_15
	1000
	1005.1
	-0.51
	0.48
	1
	4

	16
	student_16
	1000
	999.1
	0.09
	-0.21
	1
	6

	17
	student_17
	1000
	1002.1
	-0.21
	0.09
	1
	5

	18
	student_18
	1000
	1003.1
	-0.31
	0.19
	1
	4

	19
	student_19
	1000
	995.1
	0.49
	-1.25
	1
	4

	20
	student_20
	1000
	1011.5
	-1.15
	0.78
	1
	2

	21
	student_21
	1000
	1011.5
	-1.15
	0.78
	1
	2

	22
	student_22
	1000
	989.6
	1.04
	-1.3
	1
	2

	23
	student_23
	1000
	989.1
	1.09
	-1.1
	1
	2

	24
	student_24
	1000
	1015
	-1.5
	1.48
	1
	1


[bookmark: _Ref223183762][bookmark: _Toc223363006]Table 3.1.8- VII Understanding attribute result summary table. (Source: Own presentation, Annex §8.6.1)
Attribute exclusion and re-run 
Excluding the two staircase-flagged understanding attributes (A17 topic relevance and A18 citation count) yields a moderate reordering rather than a complete reshuffle (Table 3.1.8- VIII). The top position shifts to student_16, while student_1 remains the lowest-ranked case, indicating partial stability at the extremes. Notably, all objects pass the inverse-run validation in the excluded understanding run (valid throughout), suggesting that the reduced understanding set forms a slightly more symmetry-consistent representation under Y0. This excluded-run is therefore best interpreted as a sensitivity/robustness variant of the understanding ranking, rather than a necessary step to “make the model work.”
	User ID
	Username
	Y (COCO index units)
	Estimation (COCO index units)
	delta/fact (deviation %)
	delta/fact inverse (deviation %)
	Validation (Binary 1/0)
	Rank (ordinal Position)

	1
	student_1
	1000
	984.8
	1.52
	-1.52
	1
	24

	2
	student_2
	1000
	994.8
	0.52
	-0.52
	1
	17

	3
	student_3
	1000
	993.8
	0.62
	-0.62
	1
	19

	4
	student_4
	1000
	1014.8
	-1.48
	1.48
	1
	2

	5
	student_5
	1000
	1000.8
	-0.08
	0.08
	1
	12

	6
	student_6
	1000
	1000.8
	-0.08
	0.08
	1
	12

	7
	student_7
	1000
	995.8
	0.42
	-0.42
	1
	16

	8
	student_8
	1000
	1007.8
	-0.78
	0.78
	1
	5

	9
	student_9
	1000
	1005.8
	-0.58
	0.58
	1
	6

	10
	student_10
	1000
	985.8
	1.42
	-1.42
	1
	23

	11
	student_11
	1000
	1001.8
	-0.18
	0.18
	1
	10

	12
	student_12
	1000
	994.8
	0.52
	-0.52
	1
	17

	13
	student_13
	1000
	1001.8
	-0.18
	0.18
	1
	10

	14
	student_14
	1000
	986.8
	1.32
	-1.32
	1
	22

	15
	student_15
	1000
	1004.8
	-0.48
	0.48
	1
	7

	16
	student_16
	1000
	1015.8
	-1.58
	1.58
	1
	1

	17
	student_17
	1000
	1004.8
	-0.48
	0.48
	1
	7

	18
	student_18
	1000
	998.8
	0.12
	-0.12
	1
	15

	19
	student_19
	1000
	1002.8
	-0.28
	0.28
	1
	9

	20
	student_20
	1000
	1009.8
	-0.98
	0.98
	1
	4

	21
	student_21
	1000
	993.8
	0.62
	-0.62
	1
	19

	22
	student_22
	1000
	999.8
	0.02
	-0.02
	1
	14

	23
	student_23
	1000
	987.8
	1.22
	-1.22
	1
	21

	24
	student_24
	1000
	1011.8
	-1.18
	1.18
	1
	3


[bookmark: _Ref223183780][bookmark: _Toc223363007]Table 3.1.8- VIII Excluded understanding attribute result summary table. (Source: Own presentation, Annex §8.6.1)
	Excluded ID
	Excluded attribute name

	A17
	topic_relevance_score

	A18
	citation_count


[bookmark: _Toc223363008]Table 3.1.8- IX List of excluded attributes for the understanding run. (Source: Own presentation)
3.1.8.4. Objective vs Subjective
To contextualize the COCO-derived student ordering against human judgement, the objective rankings produced by the COCO Y0 workflow were compared with a peer-based subjective evaluation conducted within the classroom (subjective rank; source: Annex §8.6.4). The objective side comprises six rank outputs derived from the ranked OAM: (i) full attribute run, (ii) full attribute run after staircase-based exclusion, (iii) diligence-only run, (iv) diligence-only run after exclusion, (v) understanding-only run, and (vi) understanding-only run after exclusion (see §3.1.6–§3.1.8.3 for the corresponding run logic and exclusion rule).
Rank harmonization and correlation procedure (tie-aware)
Several COCO outputs contained ties (multiple students receiving the same integer rank). Because correlation on ranks is sensitive to tie treatment, all rank columns were transformed using average ranking (Excel RANK.AVG) before comparison. This step assigns the mean of the occupied rank positions to each tied case, yielding a tie-consistent ordinal representation. Subsequently, Spearman rank correlation was computed by applying Excel CORREL directly to the tie-adjusted rank vectors (i.e., Pearson correlation over ranks), which is equivalent to Spearman’s ρ when the inputs are ranks.
Table 3.1.8- X presents the ranking values turned into tie-handled ranked values using Excel built-in =RANK.AVG() function. 
	username
	rank_full
	rank_full_excluded
	rank_diligence
	rank_diligence_excluded
	rank_understanding
	rank_understanding_excluded
	rank_subjective
	

	student_1
	14
	11.5
	10.5
	11.5
	24
	24
	9
	

	student_2
	4.5
	22
	24
	24
	23
	17.5
	5
	

	student_3
	22
	24
	10.5
	11.5
	4
	19.5
	10
	

	student_4
	4.5
	2
	23
	3
	15.5
	2
	11
	

	student_5
	14
	19
	10.5
	11.5
	22
	12.5
	21
	

	student_6
	14
	1
	10.5
	1
	9
	12.5
	16
	

	student_7
	22
	7.5
	10.5
	11.5
	19.5
	16
	20
	

	student_8
	4.5
	13.5
	10.5
	18
	17
	5
	23
	

	student_9
	14
	23
	10.5
	11.5
	13
	6
	3
	

	student_10
	22
	7.5
	10.5
	11.5
	13
	23
	15
	

	student_11
	14
	18
	10.5
	2
	9
	10.5
	2
	

	student_12
	22
	4
	10.5
	11.5
	18
	17.5
	7
	

	student_13
	4.5
	20
	22
	5
	21
	10.5
	12
	

	student_14
	14
	10
	10.5
	11.5
	19.5
	22
	24
	

	student_15
	14
	11.5
	10.5
	22
	9
	7.5
	22
	

	student_16
	4.5
	15
	10.5
	17
	15.5
	1
	18
	

	student_17
	14
	16
	10.5
	11.5
	13
	7.5
	4
	

	student_18
	22
	21
	10.5
	11.5
	9
	15
	13
	

	student_19
	4.5
	6
	21
	23
	9
	9
	19
	

	student_20
	4.5
	3
	10.5
	19
	4
	4
	17
	

	student_21
	14
	13.5
	10.5
	21
	4
	19.5
	6
	

	student_22
	4.5
	5
	10.5
	4
	4
	14
	8
	

	student_23
	14
	9
	10.5
	6
	4
	21
	1
	

	student_24
	14
	17
	10.5
	20
	1
	3
	14
	


[bookmark: _Ref223183806][bookmark: _Toc223363009]Table 3.1.8- X Tie-handled rank matrix (RANK.AVG-transformed ranks) for objective and subjective comparisons. (Source: Own presentation, Annex §8.6.1)
Empirical agreement patterns
[bookmark: _Toc221883209][bookmark: _Toc223092400]The resulting correlations indicate limited monotonic agreement between the objective (COCO-based) rankings and the peer-based subjective ordering Table 3.1.8- XI:
Full attribute (initial) vs subjective: ρ = −0.097 (near-zero association).
Full attribute (excluded-run) vs subjective: ρ = −0.244 (weak negative association).
Understanding-only vs subjective: ρ = 0.207 (weak positive association).
Understanding-only (excluded-run) vs subjective: ρ = −0.202 (weak negative association after exclusion).
Diligence-only vs subjective: ρ = −0.077 (near-zero association).
Diligence-only (excluded-run) vs subjective: ρ = 0.307 (weak-to-moderate positive association; the strongest observed alignment with subjective ranks in this dataset).
Two additional results help interpret these outcomes as construct differences rather than simple “success/failure” of the model:
Understanding vs diligence (objective–objective): ρ = 0.325, suggesting that the two objective perspectives share some common ordering signal, but remain meaningfully distinct. This is consistent with the design choice in §3.1.5, where diligence and understanding attributes intentionally represent different behavioral/quality dimensions.
[bookmark: _Toc221883210][bookmark: _Toc223092401]Stability of rankings before vs after exclusion Table 3.1.8- XII:
Full vs full(excluded): ρ = 0.132
Diligence vs diligence(excluded): ρ = 0.084
Understanding vs understanding(excluded): ρ = 0.168
	Comparison
	Spearman’s ρ (unitless)

	All attributes (full) vs Subjective
	-0.097

	All attributes (excluded-run) vs Subjective
	-0.244

	Understanding vs Subjective
	0.207

	Understanding (excluded-run) vs Subjective
	-0.202

	Diligence vs Subjective
	-0.077

	Diligence (excluded-run) vs Subjective
	0.307

	Understanding vs Diligence
	0.325

	All attributes (full) vs Understanding
	-0.073

	All attributes (full) vs Diligence
	-0.555


[bookmark: _Ref223183818][bookmark: _Toc223363010]Table 3.1.8- XI Spearman correlations between objective (COCO) and subjective rank variants. (Source: Own presentation, Annex §8.6.1)
	Comparison
	Spearman’s ρ (unitless)

	Full vs Full(excluded-run)
	0.131

	Diligence vs Diligence(excluded-run)
	0.084

	Understanding vs Understanding(excluded-run)
	0.168


[bookmark: _Ref223183841][bookmark: _Toc223363011]Table 3.1.8- XII Correlation between Full attribute set and excluded attribute set. (Source: Own presentation, Annex §8.6.1)
These low correlations imply that the staircase-based exclusion step can materially reshape the ordering. Therefore, excluded-run results should be interpreted as a parsimonies alternative view (driven by the diagnostic rule), not as a minor refinement of the original ranking.
Interpretation and methodological implications
The weak associations between objective and subjective rankings are plausible given that the two assessments are not guaranteed to operationalize the same concept of “performance.” In the COCO Y0 setting, the output ordering reflects how compatible each student’s multi-attribute profile is with a monotonic stepwise representation under a constant baseline, given the chosen attribute set and direction rules (§3.1.6). In contrast, peer evaluation may prioritize perceived content quality, collaboration, or contextual knowledge that is only partially captured by log-derived indicators. Consequently, low or mixed correlations do not automatically invalidate either approach; rather, they indicate that the objective pipeline captures a performance construct that is only partially overlapping with human judgement in this cohort.
Finally, because the ranking changes notably after exclusion, the study reports both the full and excluded-run variants in §3.1.8 as complementary outputs. The next section (§3.1.9) shifts from comparative validity (objective vs subjective) to technical reliability, by testing the COCO pipeline under deliberately inconsistent/extreme inputs to verify whether the system behaves robustly when the input context is distorted.
The comparative results in §3.1.8 establish the methodological behavior of the proposed evaluation logic under full and reduced attribute configurations, including stability checks through inverse-run validation. However, methodological validity alone does not guarantee operational usability in educational practice. For this reason, §3.2 transitions from analytical outcomes to software realization: it documents how the validated pipeline was implemented as a reproducible demo application, how run-level evidence is persisted in a structured database, and how instructors can execute, inspect, and export each stage of the workflow in a transparent, auditable manner.
[bookmark: _Toc223964454]3.1.9. Input Verification Test
Because COCO Y0 is applied in a Y0 (constant-target) setting, evaluation quality cannot be assessed against an external ground-truth label (since Y is fixed). Instead, credibility depends on whether the input matrix is internally consistent and behaviourally plausible. For this reason, an input verification (sensitivity) test was conducted by intentionally distorting the COCO input and checking whether the output becomes unstable or non-informative. The underlying expectation is that (i) plausible, exclusion-refined inputs yield interpretable rankings, while (ii) implausible or structurally inconsistent inputs lead to recognizable failure modes (e.g., erratic estimations or collapsed/flat results).
All tests were executed using the excluded (staircase-refined) input configuration as the baseline, and distortions were applied relative to that baseline to ensure comparability across cases. The verification tables use the same result-scale conventions as §3.1.8, namely  and estimation in COCO index units, validation as a binary flag (0/1), and rank as ordinal position; see Annex §8.5, Table 8.5- II.
Test V1: Random excessively high values (range distortion)
A subset of input cells was replaced with unrealistically large values (“too high” inputs), violating the intended cohort-scale comparability of the ranked matrix (Table 3.1.9- I).
Expected behaviour. The output should become unstable, reflected by irregular estimations and inconsistent separation, indicating that the input no longer represents a realistic multi-attribute cohort structure.
[bookmark: _Toc221895197][bookmark: _Toc223022426][bookmark: _Toc223092404][bookmark: _Toc223092611]Observed behaviour (Table 3.1.9- II). The COCO output became erratic and did not yield a clean, interpretable result, confirming sensitivity to range distortions.
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[bookmark: _Ref223183924][bookmark: _Toc223101148][bookmark: _Toc223101233][bookmark: _Toc223102680][bookmark: _Toc223363012]Table 3.1.9- I Distorted input matrix. (Source: Own presentation, Annex §8.6.1)
	User ID
	Username
	Y (COCO index units)
	Estimation (COCO index units)
	Validation (Binary 0/1)
	Rank (Ordinal Position)

	1
	student_1
	1000
	1002.5
	1
	5

	2
	student_2
	1000
	958.4
	1
	24

	3
	student_3
	1000
	1002.5
	1
	5

	4
	student_4
	1000
	1002.5
	1
	5

	5
	student_5
	1000
	1002.5
	1
	5

	6
	student_6
	1000
	1046.6
	1
	2

	7
	student_7
	1000
	1002.5
	1
	5

	8
	student_8
	1000
	973.9
	1
	22

	9
	student_9
	1000
	1002.5
	1
	5

	10
	student_10
	1000
	1051.1
	1
	1

	11
	student_11
	1000
	1013
	1
	4

	12
	student_12
	1000
	1002.5
	1
	5

	13
	student_13
	1000
	992
	1
	18

	14
	student_14
	1000
	1002.5
	1
	5

	15
	student_15
	1000
	1002.5
	1
	5

	16
	student_16
	1000
	1002.5
	1
	5

	17
	student_17
	1000
	1002.5
	1
	5

	18
	student_18
	1000
	981.5
	1
	20

	19
	student_19
	1000
	970.4
	1
	23

	20
	student_20
	1000
	1002.5
	1
	5

	21
	student_21
	1000
	975.4
	1
	21

	22
	student_22
	1000
	1002.5
	1
	5

	23
	student_23
	1000
	1021.6
	1
	3

	24
	student_24
	1000
	983.5
	1
	19


[bookmark: _Ref223183930][bookmark: _Toc223102681][bookmark: _Toc223363013]Table 3.1.9- II COCO output (erratic estimates / unstable separation). (Source: Own presentation, Annex §8.6.1)
Test V2: One-object constant extreme advantage (single-object dominance)
[bookmark: _Toc221895200][bookmark: _Toc223022429][bookmark: _Toc223092407][bookmark: _Toc223092614]Design. One student was assigned a constant extreme advantage pattern across the input, while other students remained near-zero/low (Table 3.1.9- III).
Expected behaviour. The output should collapse toward a degenerate solution (loss of meaningful differentiation), because the matrix no longer represents a plausible distribution of multi-attribute behaviour.
Observed behaviour (Table 3.1.9- IV). The COCO output converged toward identical (or near-identical) estimates, producing a flat, non-informative ordering, consistent with a dominance-driven degeneracy.
[image: ][image: ]
[bookmark: _Ref223183940][bookmark: _Toc223102682][bookmark: _Toc223363014]Table 3.1.9- III Distorted input (single-object dominance). (Source: Own presentation, Annex §8.6.1)
	User ID
	Username
	Y (COCO index units)
	Estimation (COCO index units)
	Validation (Binary 0/1)
	Rank (Ordinal Position)

	1
	student_1
	1000
	1000
	1
	1

	2
	student_2
	1000
	1000
	1
	1

	3
	student_3
	1000
	1000
	1
	1

	4
	student_4
	1000
	1000
	1
	1

	5
	student_5
	1000
	1000
	1
	1

	6
	student_6
	1000
	1000
	1
	1

	7
	student_7
	1000
	1000
	1
	1

	8
	student_8
	1000
	1000
	1
	1

	9
	student_9
	1000
	1000
	1
	1

	10
	student_10
	1000
	1000
	1
	1

	11
	student_11
	1000
	1000
	1
	1

	12
	student_12
	1000
	1000
	1
	1

	13
	student_13
	1000
	1000
	1
	1

	14
	student_14
	1000
	1000
	1
	1

	15
	student_15
	1000
	1000
	1
	1

	16
	student_16
	1000
	1000
	1
	1

	17
	student_17
	1000
	1000
	1
	1

	18
	student_18
	1000
	1000
	1
	1

	19
	student_19
	1000
	1000
	1
	1

	20
	student_20
	1000
	1000
	1
	1

	21
	student_21
	1000
	1000
	1
	1

	22
	student_22
	1000
	1000
	1
	1

	23
	student_23
	1000
	1000
	1
	1

	24
	student_24
	1000
	1000
	1
	1


[bookmark: _Ref223183946][bookmark: _Toc223102683][bookmark: _Toc223363015]Table 3.1.9- IV COCO output (flat/degenerate separation). (Source: Own presentation, Annex §8.6.1)
Test V3: Artificial deterministic structure (non-behavioural pattern)
Design. A purely synthetic input pattern was constructed (e.g., systematically increasing values by object order), ensuring “all objects differ” by rule rather than by evidence (Table 3.1.9- V).
Expected behaviour. The output should be weakly interpretable or degenerate, because the structure reflects the construction rule rather than behavioural signals derived from Moodle logs.
[bookmark: _Toc221895203][bookmark: _Toc223022432][bookmark: _Toc223092410][bookmark: _Toc223092615]Observed behaviour. The COCO output was non-informative (flat/degenerate), indicating that interpretable COCO results require realistic, log-derived structure rather than arbitrary deterministic sequences (Table 3.1.9- VI).
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[bookmark: _Ref223183955][bookmark: _Toc223102684][bookmark: _Toc223363016]Table 3.1.9- V Distorted input (synthetic deterministic structure). (Source: Own presentation, Annex §8.6.1)
	User ID
	Username
	Y (COCO index units)
	Estimation (COCO index units)
	Validation (Binary 0/1)
	Rank (Ordinal Position)

	1
	student_1
	1000
	1000
	1
	1

	2
	student_2
	1000
	1000
	1
	1

	3
	student_3
	1000
	1000
	1
	1

	4
	student_4
	1000
	1000
	1
	1

	5
	student_5
	1000
	1000
	1
	1

	6
	student_6
	1000
	1000
	1
	1

	7
	student_7
	1000
	1000
	1
	1

	8
	student_8
	1000
	1000
	1
	1

	9
	student_9
	1000
	1000
	1
	1

	10
	student_10
	1000
	1000
	1
	1

	11
	student_11
	1000
	1000
	1
	1

	12
	student_12
	1000
	1000
	1
	1

	13
	student_13
	1000
	1000
	1
	1

	14
	student_14
	1000
	1000
	1
	1

	15
	student_15
	1000
	1000
	1
	1

	16
	student_16
	1000
	1000
	1
	1

	17
	student_17
	1000
	1000
	1
	1

	18
	student_18
	1000
	1000
	1
	1

	19
	student_19
	1000
	1000
	1
	1

	20
	student_20
	1000
	1000
	1
	1

	21
	student_21
	1000
	1000
	1
	1

	22
	student_22
	1000
	1000
	1
	1

	23
	student_23
	1000
	1000
	1
	1

	24
	student_24
	1000
	1000
	1
	1


[bookmark: _Ref223183965][bookmark: _Toc223102685][bookmark: _Toc223363017]Table 3.1.9- VI COCO output (flat/degenerate result). (Source: Own presentation, Annex §8.6.1)
Implication for methodological reliability
Overall, the verification cases indicate that COCO Y0 does not “manufacture” meaningful performance structure from inconsistent inputs. When the ranked cohort representation is distorted, outputs become either unstable (V1) or degenerate/flat (V2–V3). Conversely, the excluded (staircase-refined) input configuration supports interpretable separation and can be combined with the internal consistency checks of §3.1.7. Therefore, input correctness and structural plausibility are necessary conditions for defensible COCO-based interpretation in the proposed workflow.
[bookmark: _Toc223964455]3.2. Demo Software development
§3.1 defines the evaluation method, while §3.2 presents its Streamlit-based reference implementation. Therefore, §3.2 reports operational engineering choices (UI, modules, persistence, deployment) rather than additional methodological justification. Following Knuth’s observation that “Science is what we understand well enough to explain to a computer. Art is everything else we do” (Knuth, 1996 pp. vii–viii), the demo software translates the thesis methodology into an executable, auditable, and repeatable pipeline for Moodle discussion logs. The implementation covers data input, configuration, attribute computation (OAM construction), rank transformation, COCO execution, validation, visualisation, and interpretation. The planned component not implemented in the demo is the automated staircase-diagnostic attribute exclusion described in §3.1.6.3.
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[bookmark: _Ref223184024][bookmark: _Toc223362984]Figure 3.2- I Full operational flow of the demo application. (Source: Own presentation)
Figure 3.2- I describes the full operational flow of the demo application.
[bookmark: _Toc223964456]3.2.1. Purpose and Scope of the Demo Tool
The demo tool has three primary purposes:
· Operationalization: execute the pipeline from raw Moodle log input to COCO-based comparative evaluation in a single coherent workflow aligned with §3.1.
· Explainability and auditability: expose intermediate artifacts (OAM table, rank matrix, COCO output tables, validation results) to enable traceable interpretation rather than black-box scoring
· Practical instructor workflow: provide an instructor-facing interface for repeatable analysis of class datasets, with exportable evidence suitable for annex documentation.
The scope is intentionally constrained to a thesis-demonstration profile:
· Single dataset per run: one uploaded export is analysed in a controlled run context.
· Local-first operation: the intended mode is local execution to preserve data control and reproducibility. A hosted demo instance is also provided for accessibility and quick evaluation: https://moodleloganalysisdemo-2025.streamlit.app/
· The hosted instance is treated as a convenience deployment; it may run with limited resources and session-scoped persistence.
Transparency over automation complexity: intermediate tables and decisions are surfaced rather than hidden.
Out-of-scope or partial in the current demo: automated staircase-based attribute exclusion (§3.1.6.3), full operationalization of the entire A1–A29 catalogue as a single standardized UI flow, and production governance features (authentication, institutional integration, consent workflows).
[bookmark: _Toc223964457]3.2.2. System Architecture
The prototype follows a layered architecture with separation between UI, processing utilities, and persistence.
Presentation layer (Streamlit):
· Guided workflow pages (data upload, configuration, attribute calculation, ranking, COCO analysis, visualization, AI insights, database view).
· Stage gating: pages that depend on upstream artifacts (e.g., visualization and interpretation) remain inactive until prerequisites are computed.
Processing layer:
· Attribute computation module.
· COCO request/response parsing module.
· Run/session orchestration and configuration management.
Persistence layer (local SQL):
· SQLite database accessed via an Object-Relational Mapping (ORM) layer to store dataset metadata, raw posts, computed metrics, ranking outputs, parsed COCO artifacts, and run events.
· Persistence behaviour differs by deployment:
· Local mode: database persists on disk and can store multiple runs.
· Hosted demo mode: database is typically initialized per session and may not persist beyond session lifetime.
[image: ]
[bookmark: _Toc223362985]Figure 3.2.2- I Directory structure of the demo application repository. (Source: Own presentation)
Note: The repository is structured to separate core implementation modules from configuration and data resources, enabling transparent execution, easier maintenance, and consistent reproduction of results.
	Component
	File / Module
	Responsibility

	App entry point
	Analysis.py
	Streamlit bootstrap; initializes managers; navigation baseline

	Data persistence
	utils/db.py
	SQLite schema + ORM session; datasets/runs/artifacts/events

	Session orchestration
	utils/session_data_manager.py
	Run state, caching, dataset/run lifecycle

	Configuration
	utils/config_manager.py
	Stores and retrieves professor/exam configuration

	Attribute computation
	utils/attribute_calculations.py
	Computes student-level metrics from raw posts

	COCO integration
	utils/coco_utils.py
	Builds COCO input, calls Y0 endpoint, parses HTML tables

	UI pages
	pages/*.py
	Per-stage UI workflow (upload → compute → rank → COCO → outputs)


[bookmark: _Toc223363018]Table 3.2.2- I Module-to-responsibility mapping of the demo application, summarising the core components, their implementation files, and their functional roles within the evaluation workflow. (Source: Own presentation).
Note: The structure follows a layered design: UI pages form the presentation layer, manager modules orchestrate application state and configuration, computation modules implement domain logic, and the persistence layer ensures reproducible storage of datasets and run artifacts.
[bookmark: _Toc223964458]3.2.3. Data-Pipeline Implementations
The implemented pipeline is deterministic and consists of the following stages:
1. Ingestion and validation
The user upload a CSV/XLSX Moodle log export. The tool verifies the minimum schema required for processing.
2. Run creation and traceability
A run is created with run-level metadata (dataset identity, time, and configuration snapshot). Events are recorded to preserve traceability (e.g., “uploaded”, “attributes computed”, “COCO executed”).
3. Configuration-driven filtering and aggregation
Instructor/professor posts are separated from student objects using configured identities; exam/task deadlines are used to derive deadline-related measures. Student-level aggregation produces the OAM table.
4. Ranking transformation
Selected attributes are converted into ordinal ranks with explicit directionality rules (benefit vs cost) as described in §3.1.5, forming the COCO input.
5. COCO execution and parsing
The ranked matrix is serialized into the COCO Y0 input format and submitted to the external endpoint. Returned HTML tables are parsed into structured data frames and stored as run artifacts.
6. Validation and interpretation
The inverse-ranking run is executed; sign-consistency rules generate validity indicators (aligned with §3.1.7). Visual diagnostics and interpretation layers then consume stored artifacts. See Figure 3.2.3- I.
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[bookmark: _Ref223184080][bookmark: _Ref223184073][bookmark: _Toc223362986]Figure 3.2.3- I Session State Manager. (Source: Own presentation)
[bookmark: _Toc221882497][bookmark: _Toc221883539][bookmark: _Toc223090724][bookmark: _Toc223090820][bookmark: _Toc223090932][bookmark: _Toc223091044][bookmark: _Toc223091940][bookmark: _Toc223092002][bookmark: _Toc223092036][bookmark: _Toc223092042]Session State Manager Figure 3.2.3- I maintains the application’s session-level state (active dataset, run context, caching, and stage outputs) and orchestrates the dataset/run lifecycle across the UI layers to ensure consistent, reproducible execution.
[bookmark: _Toc223964459]3.2.4. Similarity Analysis and AI Detection in Text Responses
Two text-based indicators from §3.1 are operationalized as auxiliary attributes and interpretation inputs.
Topic relevance / similarity analysis
· Student replies are linked to instructor prompts using discussion structure (parent–child relations where available).
· Text embeddings are computed using a sentence-transformer model; cosine similarity is computed per eligible reply.
· A student-level topic relevance score is aggregated (e.g., mean similarity), consistent with §3.1.3.
AI-involvement signal
· A detector model provides message-level likelihood estimates.
· Message-level values are aggregated into a bounded student-level score (cf. §3.1.4).
These indicators are not interpreted as ground truth of “quality” or “misconduct”; they serve as contextual signals inside a broader multi-attribute evaluation.
[bookmark: _Toc223964460]3.2.5. Ranking & Scoring Logic
The ranking step implements explicit, deterministic logic:
· Users select a subset of computed attributes for inclusion.
· Directionality is applied (§3.1.5.1):
· Cost-type (lower is better): e.g., deadline-exceeded counts, response-time metrics.
· Benefit-type (higher is better): most contribution/engagement indicators.
· Per-attribute ranks are computed consistently (including the selected tie-handling rule).
· The ranked matrix is converted into COCO-compatible input:
· identifiers separated from rank columns,
· matrix serialized as tab-separated numeric content,
· object labels provided in parallel.
Function-symmetry / inverse-run validation (bridge to §3.1.7)
· The rank matrix is inverted using the cohort size N:

[bookmark: _Toc223363031]Equation XI Cohort Rank Inversion
· COCO is executed on the inverted matrix.
· [bookmark: _Toc221882572][bookmark: _Toc221883571][bookmark: _Toc223091690][bookmark: _Toc223091726]Sign consistency between Delta/Fact (original vs inverse) is evaluated via a product rule, yielding valid/invalid flags for run-level diagnostics see Figure 3.2.5- I.
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[bookmark: _Ref223184193][bookmark: _Toc223362987]Figure 3.2.5- I High-level validation logic of the demo application. (Source: Own presentation)
[bookmark: _Toc223964461]3.2.6. User Interface Interaction Design
The UI is designed as a guided analytical journey see Figure 3.2.6- I:
· Workflow gating: later stages are disabled until prerequisites exist.
· Each stage provides:
· summary metrics with brief interpretation guidance,
· Preview of raw/intermediate tables for auditability.
· Configuration is separated from computation to reduce parameter drift.
· Exports are available at multiple stages (OAM, ranking, COCO, validation, figures)
[image: ]
[bookmark: _Ref223184204][bookmark: _Toc223362988]Figure 3.2.6- I Page navigation flow of the demo application. (Source: Own presentation)
[bookmark: _Toc223964462]3.2.7. Visual & AI interpretation Outputs
The demo provides diagnostic and reporting visualizations aligned with each stage:
· Attribute analytics: distributions, comparisons, top/bottom patterns
· Ranking analytics: rank distributions and rank heatmaps across selected attributes.
· COCO/validation analytics: estimated score plots, delta diagnostics, validity summaries.
· Student-centric views: profile summaries and cohort comparisons.
The AI interpretation subsystem is separated from objective scoring and functions as an assistant layer:
· produces run summaries and “watchlist” style prompts for instructor review,
· highlights potential outliers and notable patterns,
· provides student connectedness indications,
· supports comparative Q&A over computed metrics.
Safeguard principle: AI interpretation does not overwrite ranking/COCO outputs and must not be treated as an automated decision system. It produces supplementary narratives for human academic judgement.
[bookmark: _Toc223964463]3.2.8. Testing
Testing in the prototype is scenario-driven and pipeline-centric, focusing on complete workflow execution and persistent evidence rather than isolated unit tests.
To demonstrate operational scalability in the thesis context, two independent end-to-end runs were executed on heterogeneous inputs (CSV and XLSX) and stored in runs.db.
· Both runs completed with status validation_completed and produced the full chain of outputs (raw records, computed attributes, rankings, COCO/validation artifacts, and event logs).
· Table 3.2.8- I consolidated evidence from the two persisted runs in runs.db, showing completion status, data volume, and traceability indicators required for structured post-run analysis.
· The database evidence confirms that the application is functioning end-to-end and that results are stored in a relational structure suitable for later data mining and auditing.
· The structured database file used for verification is included as annex material (Annex §8.6.5).
	Evidence Unit
	Verification Target
	Observed Value in runs.db
	Assessment

	Run A (CSV)
	End-to-end completion
	discussion_demo.csv (576 rows), status=validation_completed, 24 students validated, duration≈267.6 s
	Pass

	Run B (XLSX)
	End-to-end completion
	discussion_demo001.xlsx (172 rows), status=validation_completed, 17 students validated, duration≈102.0 s
	Pass

	Per-run metric persistence
	Computed metric storage
	metric_observations: 456 (Run A) + 272 (Run B) = 728
	Pass

	Per-run ranking persistence
	Ranking storage
	ranking_observations: 456 (Run A) + 272 (Run B) = 728
	Pass

	Artifacts and logs
	Traceability across pipeline stages
	run_artifacts: 5 + 5 = 10; run_events: 7 + 7 = 14
	Pass

	Raw data retention
	Event-level source preservation
	raw_posts=748 linked to two datasets via foreign keys
	Pass

	Relational integrity
	Data-mining readiness
	7 linked tables: datasets, analysis_runs, raw_posts, metric_observations, ranking_observations, run_artifacts, run_events
	Pass

	Lifecycle clean-up
	Consistency under deletion
	Cascade delete is defined from datasets to dependent run tables
	Pass


[bookmark: _Ref223184234][bookmark: _Toc223363019]Table 3.2.8- I Consolidated evidence from the two persisted runs in runs.db, showing completion status, data volume, and traceability indicators required for structured post-run analysis. (Source: Own presentation, Annex §8.6.7)
Evaluation of testing results:
Across both runs, the pipeline executed end-to-end—upload, attribute computation, ranking, COCO processing, validation, and AI-based interpretation—without interruption, and each stage was persistently recorded in the relational store. The stored results are internally consistent (Run A: 456 metric and 456 ranking observations; Run B: 272 metric and 272 ranking observations), supporting traceability and reproducibility of the computed outputs. Runtime increased with input size (576 rows: ~267.6 s; 172 rows: ~102.0 s), which is consistent with expected operational scaling in this thesis-demonstration setting. As only two datasets were processed, the evidence is necessarily preliminary and should be extended in future work using larger and more diverse datasets. Structured database of the test results can be found in Annex §8.6.7.
[bookmark: _Toc223964464]3.2.9. IT Security, Privacy, and Ethics in Implementation
Because the prototype processes educational interaction logs that may contain personally identifiable information and sensitive behavioural signals, the implementation was designed with baseline safeguards appropriate to a demo-stage learning-analytics system. The primary technical protection is local-first operation: in the recommended local deployment mode, uploaded datasets, derived metrics, and generated artifacts are stored in a local SQLite database, reducing unnecessary network exposure and supporting data minimization in practice (only the fields needed for the analysis pipeline are processed and persisted). To support storage limitation and controlled lifecycle management, the application implements a structured deletion workflow: removing a dataset triggers cascading deletion of associated runs and derived artifacts, enabling the operator to comply with retention expectations and to reset analyses without leaving residual traces.
To ensure accountability and reproducibility, the tool stores run-level logs and artifacts (e.g., uploaded dataset metadata, configuration snapshots, computed tables, ranking matrices, COCO outputs, and validation summaries). This creates an auditable trace that allows results to be re-checked and exported as annex-level evidence, and it reduces “black-box” interpretive risk by making intermediate transformations inspectable. In hosted-demo mode, persistence is treated as session-scoped; therefore, evidence retention and governance controls are considered reliable only under local execution.
Ethical safeguards are enforced primarily at the interpretation layer. The AI-involvement indicator is presented explicitly as an auxiliary signal with known limitations, not as proof of misconduct or a proxy for learning quality. Likewise, AI-generated narrative outputs (summaries, watchlists, comparisons) are designed to support instructor review and pedagogical intervention planning, not to automate grading decisions or sanctions. The final responsibility for academic judgement remains with the instructor, consistent with the thesis’s methodological stance that automated signals should strengthen transparency and consistency without replacing human accountability.
Several governance limitations remain relative to a production-grade institutional deployment. The prototype does not currently implement a dedicated authentication/authorization model, role-based access control, or formal consent management workflows. In addition, the COCO Y0 step depends on an external web endpoint; therefore, ranked matrices are transmitted during COCO execution. This external dependency introduces both availability risk and a privacy boundary that must be acknowledged in any real-world adoption: if used with non-pseudonymised data, the operator must ensure that institutional policy and legal requirements permit the transfer, or alternatively replace the external call with a locally hosted COCO component.
[bookmark: _Toc223964465]3.2.10. System Requirements
This subsection defines the operational conditions under which the prototype can be executed reproducibly. The tool supports two deployment modes: a hosted demonstration instance for rapid evaluation and a local installation mode for research-grade use. The distinction matters because persistence, performance, and evidence retention differ substantially between these environments.
In hosted demo (evaluation mode), the application is accessible via the public Streamlit deployment (https://moodleloganalysisdemo-2025.streamlit.app/). This mode is suitable for quick UI walkthroughs and first-contact demonstrations, but it should be treated as a convenience environment. Resource limitations may apply, and any persistence should be considered session-scoped (i.e., artifacts are not guaranteed to remain available across sessions).
For local installation (recommended for research use), the system runs on the instructor’s machine, providing maximal control over privacy, repeatability, and storage of run evidence. This mode is preferred when the analysis outputs must be retained for annex-level documentation, when datasets must remain local for privacy reasons, or when performance is required for larger datasets and NLP-heavy computation.
For local execution, the required software prerequisites are: Python 3.10 or newer, the pip package manager, and a modern web browser (Chrome, Firefox, Safari, or Edge). The minimum hardware requirement is 8 GB RAM and a multi-core CPU. For ML-heavy features—especially transformer-based embeddings and detector inference—16 GB RAM is recommended, and a GPU is beneficial because it significantly accelerates inference runtime.
Network access is required for two cases: (i) the initial download of optional Hugging Face models (if they are not already cached locally), and (ii) COCO Y0 web requests. Once dependencies and models are available locally, the majority of the pipeline can operate offline; however, COCO execution remains dependent on external web access in the current implementation.
Local installation follows a standard reproducible workflow: cloning the repository, installing dependencies from requirements.txt, and launching the Streamlit app via Streamlit run Analysis.py. If the browser does not open automatically, the application can be accessed through the local URL printed by Streamlit (typically http://localhost:8501). This setup ensures that configurations, intermediate artifacts, and exported outputs can be regenerated consistently under the same pipeline structure described in §3.2.
[bookmark: _Toc223964466]3.2.11. Prototype Limitations
The prototype is intentionally positioned as a thesis-grade demonstration system, and several limitations therefore reflect scope boundaries rather than weaknesses of the underlying analytical method. First, the staircase-diagnostic attribute exclusion described in §3.1.6.3 is not automated in the current application flow; while the full pipeline supports ranking, COCO execution, and validation, the exclusion step remains an external analytical procedure performed outside the UI. Second, although the thesis defines an A1–A29 attribute catalogue (§3.1.5), the demo does not yet provide a single standardized interface that fully operationalizes the entire catalogue under one unified configuration profile.
A further limitation concerns context-specific metrics. Certain indicators depend on task- or course-specific assumptions—for example, the valid_response logic relies on fixed parent identifiers and predefined answer patterns. Such implementations are valid for demonstration and for the analysed dataset, but they are not yet generalized to arbitrary course structures without additional configuration layers. In addition, the system’s COCO evaluation relies on an external web endpoint, meaning runtime stability can be affected by service availability, network conditions, or changes in the endpoint’s HTML response structure.
From a methodological-implementation perspective, the ranking stage currently uses a simple tie-handling approach. This is sufficient for deterministic execution and transparency, but it does not yet integrate more advanced tie-robust strategies that may be preferable when large tie groups occur. Finally, the prototype is not equivalent to a production, multi-user institutional platform: it does not provide authentication/authorization, role management, or institutional integration features, and the testing approach is primarily scenario-driven pipeline verification rather than a fully automated unit and integration testing suite.
These limitations are treated explicitly as engineering and operational development targets and are therefore carried forward as concrete directions in §6.
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This chapter discusses the main findings and explains what they mean in the context of the thesis. It clarifies the study’s scope, interprets key patterns in the results, and relates them to the literature and methodological choices. It also highlights practical implications for teaching and summarises strengths, limitations, and future directions.
[bookmark: _Toc223964468]4.1. Restatement of study focus
This thesis investigates how Moodle discussion-forum exports can be transformed into auditable, multi-attribute evidence that supports objective and reproducible student performance evaluation in an LMS-supported course setting. The implemented workflow treats Moodle as an evidence environment and operationalises student “performance” not as a single score, but as a direction-aware attribute system organised into an Object–Attribute Matrix (OAM) with a deliberate separation between diligence/behavioural engagement indicators and understanding/content-related indicators. The evaluation step applies COCO Y0 under a constant baseline (Y = 1000) to generate an explainable, anti-discriminative ordering and associated diagnostics, complemented by internal consistency checking through inverse-run function symmetry and by robustness-oriented distortion tests (see §§3.1.1–3.1.9; §3.2).
The study scope is explicitly bounded by the analysed cohort and task context: the dataset contains 24 students, 12 discussion threads, and 576 forum messages within a defined time window, and it is processed through deterministic pre-processing, ranking, COCO execution, validation, and reporting steps, with an R&D layer operationalised via a Streamlit prototype (see §3.1.1). Consequently, the central discussion obligation is not to “prove” a universal grading model, but to interpret what the observed COCO behaviours, stability patterns, and objective–subjective divergences imply about (i) the adequacy of the evidence model, (ii) the sensitivity of the evaluation logic to modelling choices, and (iii) the governance boundaries required for defensible educational decision support.
[bookmark: _Toc223964469]4.2. Interpretation of key findings
Sameness in the full attribute run
The most salient result is the near-constant outcome in the full attribute set run (A1–A29), where the COCO estimates collapse to 999/1000/1001 (See Table 3.1.8- I), producing large tie groups. This pattern indicates low cohort separability under the combined effect of (i) rank transformation (which compresses magnitude differences into ordinal positions) and (ii) the monotone staircase constraints in the Y0 setting, where the target is constant and structure must therefore come from how well each student’s ranked profile fits a shared stepwise representation. Accordingly, the model signals that many students are nearly interchangeable given the chosen descriptor set and its ordinal representation; it is not a computational failure. In the same run, inverse-run validation passes 21/24 objects.
This matters for interpretation because it reframes “low discrimination” as a validity-relevant property of the evidence model. When a multi-attribute evaluation yields sameness, the inference is that the current attribute configuration (after ranking and under Y0 constraints) does not encode sufficient distinctive structure to separate students in a stable way. The full-run saturation therefore functions as a diagnostic: either the cohort is genuinely similar under the selected behavioural and text indicators, or the indicator system—especially after discretisation into ranks—does not preserve the differences that educators intend to evaluate.
Staircase-based exclusion and construct change
Re-running COCO after staircase-driven exclusion yields a substantially wider spread of estimates (approximately 923.2–1063.4) and a more informative ordering, demonstrating that the “sameness” phenomenon is not inevitable (see Table 3.1.8- II). The interpretive cost of this resolution gain is that the excluded-run is not merely a “cleaner” version of the original ranking; it is an evaluation under a reduced construct representation. The exclusion rule removes attributes identified as weakly informative in the staircase diagnostics (e.g., A3, A4, A7, A9, A10, A13, A14, A19, A23, A24, A25, A27, A28 in the full run), so the ordering is produced from different evidence bundle than the maximal-attribute configuration (see Table 3.1.8- III).
Staircase-based exclusion should therefore be treated as a parsimony-and-interpretability variant that can reveal a sharper monotone structure when the full descriptor set yields near-constant solutions. Discrimination improves because attributes that do not contribute separability under the imposed structure are removed. However, because the output is conditional on the attribute set, the excluded-run should be reported as a complementary view rather than as the “true” ordering. Consistently, stability between full and excluded variants is low (ρ = 0.132 for full vs full (excluded); ρ = 0.084 for diligence vs diligence(excluded); ρ = 0.168 for understanding vs understanding(excluded); see Table 3.1.8- XII), confirming that exclusion is a substantive modelling choice rather than a minor refinement.
Diligence and understanding as distinct dimensions
The correlation between the objective diligence and objective understanding rankings is positive but modest (ρ = 0.325; see Table 3.1.8- XI), supporting the thesis decision to treat these as related but distinct dimensions. This is consistent with the OAM catalogue: diligence is dominated by behavioural regularity, timing, and activity structure, whereas understanding emphasises topic relevance, citation use, correctness/rubric adherence, and the auxiliary AI-related signal. The modest association implies that students can plausibly rank differently depending on whether participation dynamics or content-alignment evidence is prioritised; consequently, “overall performance” cannot be reduced to a single latent dimension without introducing stronger assumptions than the thesis currently adopts.
Objective–subjective divergence
Across comparisons, agreement between COCO-derived ranks and peer-based subjective ordering is generally weak or near-zero (e.g., all attributes (full) vs subjective ρ = −0.097; all attributes (excluded-run) vs subjective ρ = −0.244; diligence vs subjective ρ = −0.077; understanding vs subjective ρ = 0.207; understanding (excluded-run) vs subjective ρ = −0.202), with the strongest observed alignment occurring for diligence (excluded-run) vs subjective (ρ = 0.307) (see Table 3.1.8- XI). This should not be read as either the objective pipeline or peer evaluation being “wrong.” Rather, the two procedures operationalise partially different performance constructs and draw on different evidence channels. The objective pipeline privileges what is recorded and formalised (timing, frequency, interaction structure, and defined text indicators), whereas peer judgement can incorporate context and qualitative impressions that are not captured (or not captured reliably) in Moodle logs.
The fact that diligence (excluded-run) aligns best with subjective ranks suggests a plausible mechanism: peer evaluation may weight visible participation effort and interaction responsiveness more consistently than content-quality indicators derived from embedding similarity and citation counts, especially when the latter are treated (as in this thesis) as bounded proxies rather than correctness measures (see Table 3.1.8- XI). Weak correlations are therefore informative: they indicate that log-based decision support is not a computational replica of human judgement, but a distinct evidential lens that can complement subjective impressions depending on which construct is emphasised.
Verification and robustness
Inverse-run validation passes 21/24 objects in the full run (Table 3.1.8- I) and 24/24 in the full excluded-run (Table 3.1.8- II). The diligence-only runs yield 22/24 (Table 3.1.8- IV) and 23/24 after exclusion (Table 3.1.8- V), while the understanding-only runs yield 23/24 (Table 3.1.8- VII) and 24/24 after exclusion (Table 3.1.8- VIII). These results support a bounded reliability claim: under deterministic inversion of ranked inputs, COCO Y0 behaves coherently, while remaining sensitive to discretisation and tie structure. The distortion tests further indicate that COCO does not create structure from implausible inputs: range distortions yield erratic outputs and dominance/synthetic patterns yield degenerate flat solutions. Overall, the main runs are interpretable only insofar as the OAM and ranked OAM encode plausible cohort structure; input plausibility and descriptor design remain necessary conditions for defensible interpretation.
[bookmark: _Toc223964470]4.3. Addressing all forward-referenced issues
First, Moodle traces are shaped by platform configuration and course design, so derived indicators must be interpreted as evidence of interaction with a particular pedagogical instrumentation rather than as direct measurement of learning. In this thesis, the evidence environment is a discussion-based task with time constraints and structured prompts; therefore, high activity or timely replies plausibly indicate diligence within that design, but they may not generalise to other designs where the LMS is used differently. Accordingly, the evaluation outputs should be framed as decision support for instructor review rather than as an automated judgement of learning quality (see §2.2.3; §§2.3.3–2.3.4).
Second, the thesis explicitly treats logs as imperfect proxies and therefore accepts context dependence and limited generalisability as fundamental constraints. This is operationally reflected in two design choices: (i) the indicator catalogue is defined with explicit construct intention and directionality, and (ii) internal robustness is tested through validation and distortion cases rather than assuming that computed metrics are inherently valid. Nevertheless, these checks do not convert proxies into ground truth; they only demonstrate that the pipeline is internally coherent and sensitive in expected ways. Therefore, the scope claim must remain local: the results support conclusions about the analysed cohort and workflow, not universal claims about student performance across courses (see §2.3.4; §3.1.9).
Third, the thesis correctly emphasises that evaluation is value-laden, and that “objectivity” comes from making value choices explicit rather than pretending they do not exist. In this pipeline, normative choices appear at least in attribute selection, directionality settings, imputation rules (missingness as zero under “non-event” semantics), and the decision to separate diligence from understanding. These choices are academically defensible insofar as they are transparent and auditable, but they also carry fairness implications (see §2.7.6): if a course design privileges certain behaviours (e.g., frequent posting) then any indicator system that treats those behaviours as positive can systematically advantage students whose constraints allow such participation. The governance sections therefore function as interpretive boundaries, and the model should be used to support review and dialogue rather than to implement sanctions (see §3.1.5 on directionality; §3.2.9 governance constraints).
Fourth, the thesis’ boundary for semantic similarity must be maintained in interpretation: similarity estimates topical alignment, not correctness. Consequently, topic relevance should not be treated as an automated grading surrogate. Its defensible role is to provide a probabilistic signal that can flag responses that are unusually distant from the prompt, particularly when combined with other indicators such as response timing and participation structure. The multi-attribute design is precisely the safeguard here: similarity is one attribute among many, reducing the risk that a single uncertain measure dominates the decision (see §2.5.4; §3.1.4; §3.1.8.3).
Fifth, the thesis promised to revisit low discrimination (“sameness”), and the results show that sameness is an expected outcome when the rank-based descriptor set does not separate objects strongly under Y0 constraints. The correct practical response is diagnostic rather than apologetic: sameness motivates scrutiny of the descriptor system, tie density, and the consequences of ranking compression. Staircase-based exclusion is then justified as a principled attempt to reveal separability hidden by non-informative attributes under the fitted structure, while still requiring explicit reporting of how exclusion changes the evaluated construct footprint (see §3.1.8.1).
Sixth, the thesis explicitly distinguishes decision support from automated judgement, and the discussion must enforce that boundary. The tool produces structured evidence (rankings, attribute tables, diagnostics) that can support instructor decisions such as targeted review, formative feedback, or triage of cases needing attention. It does not—and should not—produce self-justifying verdicts about student ability, integrity, or grades. The governance risk is that outputs look “objective” and thus invite over-trust; therefore, the defensible usage model is one in which the instructor remains accountable and uses the outputs as auditable inputs into human judgement (see §2.7.6; §3.2.9).
Seventh, the thesis committed to critically discuss AI detection validity, fairness, and evasion risks. Given the literature reviewed in §2.8 and the methodological choices in §3.1.4, the only defensible interpretation of the detector output is as an auxiliary, low-stakes signal that may prompt manual review—never as proof of misconduct or as a direct proxy for learning quality. This is reinforced by the pipeline architecture: the AI score is aggregated and direction-coded as “higher = worse” to prevent a scenario where high AI-likeness improves ranking, but it remains one attribute within a broader evidence system and should be treated as uncertain and contestable (see §2.8; §3.1.4; §3.2.9).
Eighth, the thesis promised to revisit the context-dependence of directionality decisions, explicitly noting A15 and A21 as non-obvious examples. For A15 (AI involvement), the cost-type choice is defensible under a conservative integrity framing and the stated non-punitive scope: it prevents rewarding suspected AI-likeness while maintaining the “supportive signal only” boundary. For A21 (maximum post length), treating very long posts as cost-type is defensible only within the explicitly stated task context (time-constrained descriptive responses where conciseness can be valued); however, the discussion must acknowledge the plausible alternative: in other contexts, longer posts may indicate elaboration and deeper explanation. The correct thesis-level stance is therefore conditional: directionality is a modelling assumption justified for this setting, and future work should test sensitivity to alternative direction coding (see §3.1.5; Table 3.1.5- III).
Ninth, the thesis promised that prototype testing evidence would be interpreted in Chapter 4. The two end-to-end runs stored in the prototype database demonstrate feasibility and traceable persistence of artifacts across heterogeneous inputs, supporting the claim that the pipeline can be operationalized in a reproducible instructor-facing workflow. However, because the number of tested datasets is limited, this evidence must be framed as baseline operational scalability, not as general performance validation across courses, languages, or institutional environments (see §3.2.8).
Finally, the thesis includes a global promise that “critical limitations” would be revisited in §4. The discussion therefore consolidates the limitations explicitly (see §4.8) rather than leaving them dispersed, ensuring that the interpretive boundaries implied throughout Chapters 2–3 are stated in one coherent evaluative section.
[bookmark: _Toc223964471]4.4. Comparison with literature
The empirical behaviour of the pipeline aligns with the literature’s caution that LMS traces are context-dependent proxies rather than direct measures of learning, and that analytics becomes defensible only when indicators remain interpretable and tied to plausible mechanisms. The present results operationalize this caution concretely: the full-run sameness illustrates how “more data” and “more indicators” do not automatically yield better evaluation if the descriptor system fails to encode separability under the chosen aggregation logic. This supports the literature’s broader argument that validity is not a property of logs alone, but of the modelling and interpretive framework imposed on them (see §2.2.3; §2.3.3; §2.9.1).
The divergence between objective rankings and peer subjective evaluations mirrors the literature’s observation that subjective perceptions and trace-based indicators can disagree systematically, because they privilege different evidence and may operationalize different performance constructs. In this thesis, that divergence is not treated as an embarrassment but as a methodological result: it demonstrates that log-based decision support is a distinct evidential perspective whose value lies partly in making evaluation assumptions explicit and auditable rather than relying on impression-based judgement alone (see §2.7.2–§2.7.6; §2.9.1).
The thesis’ treatment of semantic similarity as a bounded signal is consistent with the reviewed position that similarity can support evaluation of descriptive responses but cannot substitute for correctness or quality assessment. The fact that the understanding subset yields more structured discrimination than diligence in the initial configuration further motivates the literature-derived claim that content-related signals may carry separability in discussion tasks, while behavioural indicators can become homogeneous depending on course design and participation norms (see §2.5.4; §2.9.1; and Table 3.1.8- IV, Table 3.1.8- V, Table 3.1.8- VII, and Table 3.1.8- VIII).
Finally, the explicit scepticism toward AI detection as decisive evidence is directly aligned with the reviewed literature’s concerns about contested validity, fairness risks, and evasion. The pipeline’s design choice—integrating detector output only as an auxiliary attribute within a multi-attribute model and explicitly restricting interpretive scope—constitutes a governance-aware response that treats detection as a contextual signal rather than an authorship verdict (see §2.8; §2.9.2).
[bookmark: _Toc223964472]4.5. Theoretical contributions
Within its bachelor-thesis scope, the work advances a coherent theoretical position: objectivity in educational evaluation is operational, not metaphysical—it is achieved by making evidence definitions, directionality, and aggregation rules explicit, reproducible, and open to critique. The implemented OAM formalism and direction-aware ranking instantiate this position as a computable evidence model rather than a purely narrative argument.
A second contribution is the empirical demonstration that “sameness” under anti-discriminative multi-attribute optimisation is not merely a nuisance but an interpretive signal about the descriptor system and the cohort’s separability under monotone constraints. The staircase-based exclusion procedure is thereby framed not as post-hoc tuning but as a diagnostic mechanism that clarifies which attributes become non-informative within the fitted structure and how parsimony can yield interpretability gains.
A third contribution is methodological: the thesis models evaluation quality as requiring explicit internal validation and robustness probing (inverse-run symmetry and distortion tests) when external ground truth is not used (Y0). This positions the pipeline within a defensible “audit logic” where interpretive confidence is built from transparency and controlled perturbation rather than from hidden parameters or unexamined outputs.
[bookmark: _Toc223964473]4.6. Practical implications
Practically, the pipeline supports instructors by converting discussion activity and text interactions into a structured evidence base that can guide triage and targeted review. For example, dimension-specific outputs enable different pedagogical responses: diligence-oriented patterns can inform participation interventions (e.g., supporting time management or engagement regularity), while understanding-oriented patterns can prioritise feedback on topical alignment and response quality. Because the workflow stores intermediate artifacts and rank/validation outputs, it also supports auditability, enabling an instructor to justify why a student was flagged for review using traceable indicators rather than opaque impressions.
However, the practical value depends on strict scope boundaries. The thesis’ own governance framing implies that outputs should be used to support educational judgement, not to automate grading or disciplinary action. Accordingly, outputs require instructor accountability and contestability, and detector outputs must not be used as proof of misconduct (see §2.7.6; §2.8; §3.2.9). This is especially critical for the AI-detection attribute and for similarity scores: both are bounded indicators and must be interpreted alongside other evidence and the instructional context. The prototype’s design—exposing intermediate tables and retaining artifacts—supports this responsible use model by encouraging inspection rather than blind reliance on a single final score.
[bookmark: _Toc223964474]4.7. Strengths of the study
A principal strength is end-to-end traceability: the workflow is specified from raw Moodle forum exports through pre-processing, attribute construction, ranking transformation, COCO evaluation, validation checks, and comparative analysis against subjective ranks. This makes the evaluation logic inspectable at each stage and reduces the common risk that analytics pipelines function as black boxes producing unchallengeable outputs.
A second strength is the explicit inclusion of quality assurance logic appropriate to the Y0 setting. Instead of relying on goodness-of-fit to external labels, the thesis introduces internal consistency expectations (inverse-run symmetry) and stress tests (distorted input cases) that demonstrate meaningful sensitivity to implausible representations. This strengthens the defensibility of the pipeline as a decision-support tool by showing that outputs are not arbitrary artifacts of computation but depend on plausible cohort structure.
A third strength is the coherent integration of multi-source evidence under a single formal representation (OAM) without introducing arbitrary manual weights (see §2.6; §3.1.6). This integration—behavioural traces plus bounded text indicators—directly addresses the literature-derived gap articulated in Chapter 2 and is operationalized concretely in Chapter 3.
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Methodological limitations
The most fundamental limitation is constructing validity under platform dependence. Moodle logs and discussion exports measure what the platform records and what course design incentivizes; therefore, indicators derived from them cannot be interpreted as direct measures of learning and should not be expected to generalise across substantially different course designs or LMS usage norms. This affects both behavioural indicators (which may reflect compliance or resource constraints) and text-based indicators (which depend on how prompts and expected responses are formulated).
A second limitation is the dependence of COCO Y0 outcomes on descriptor design and discretisation. Rank transformation improves cross-attribute comparability but compresses magnitude information and increases the impact of tie structures; consequently, evaluation resolution can collapse (as observed in the full run) when the ranked descriptor system does not preserve separability under the monotone staircase constraints. The exclusion procedure improves discrimination but also changes the evidence bundle being evaluated, and low stability between full and excluded runs shows that exclusion is a consequential modelling decision rather than a neutral optimisation.
Governance and operational limitations
A third limitation concerns bounded indicators with governance risk. Semantic similarity estimates topical alignment and may misrepresent correctness; AI detection is contested and vulnerable to false positives and evasion. Even when these signals are used conservatively as auxiliary attributes, their presence can invite misuse if stakeholders treat “probability-like” scores as proof. Therefore, the thesis’ decision-support framing is not optional rhetoric; it is a necessary condition for ethical and defensible interpretation.
Finally, the prototype testing evidence is preliminary. Two end-to-end runs demonstrate feasibility, persistence, and basic scalability across heterogeneous inputs, but they do not establish external validity across diverse cohorts, disciplines, writing genres, or institutional governance settings. Consequently, the current thesis can claim a working, auditable prototype and a validated internal pipeline logic, but it cannot claim that the tool yields stable or fair evaluation outcomes across contexts without further replication and governance embedding (see §3.2.8).
[bookmark: _Toc223964476]4.9. Recommendations for future research
Future work should first prioritise replication across courses and task designs to test portability of the attribute catalogue and to examine when diligence indicators become homogeneous versus discriminative. This would directly address the platform-and-design dependence limitation and clarify which indicators are robust across instructional modalities.
Second, the thesis should be extended with systematic sensitivity analyses over modelling choices that are explicitly value-laden, particularly directionality assignments (e.g., A21) and missingness semantics (imputation as zero). Running controlled variants and reporting how rankings shift would transform “context-dependent” assumptions into empirically characterised design parameters.
Third, the automation layer should operationalise the currently external step: automated staircase-based attribute exclusion within the prototype, together with transparent reporting that the excluded-run is a construct-variant. This would close an implementation gap already acknowledged in §3.2.11 and strengthen reproducibility by ensuring the full analytical workflow can be executed without manual steps.
Finally, any move toward broader deployment requires deeper governance operationalisation: explicit consent/notice patterns, access control, retention policy tooling, and an option to run COCO locally to avoid transmitting ranked matrices to an external endpoint. These steps follow directly from the thesis’ own ethics/GDPR framing and would be necessary before any high-stakes use could be considered even in principle (see §2.3.4; §2.7.6; §3.2.9).
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Closing the aims and thesis focus
This thesis investigated whether Moodle discussion-forum exports can be transformed into auditable, multi-attribute evidence that supports objective and reproducible student performance evaluation in an LMS-supported course, under an explicit decision-support framing. The developed workflow treats Moodle as an evidence environment and operationalises “performance” as a direction-aware Object–Attribute Matrix (OAM) rather than a single score, with a deliberate separation between diligence (behavioural engagement) and understanding (bounded content-related indicators). Evaluation is performed via COCO Y0 under a constant baseline (Y = 1000), complemented by staircase diagnostics, inverse-run function-symmetry validation, and robustness-oriented distortion tests.
The thesis objectives are met in the sense intended by the R&D methodology: (A1) a transparent log-based workflow and indicator system are defined and documented; (A2) a direction-aware, weight-avoiding aggregation is executed via COCO Y0 with diagnostic exclusion; (A3) defensibility is strengthened through internal consistency and failure-mode probing; and (A4) the method is operationalised as a teacher-facing prototype that preserves intermediate artefacts and documents governance constraints as design boundaries.
Answers to the hypotheses 
H1 (construct divergence) is supported. Across comparisons, agreement between COCO-derived objective ranks and peer-based subjective ordering is generally weak or near-zero (rank correlation coefficient ρ (rho)): for example, full attribute run vs subjective ρ = −0.097; full excluded-run vs subjective ρ = −0.244; diligence vs subjective ρ = −0.077; understanding vs subjective ρ = 0.207; understanding excluded-run vs subjective ρ = −0.202. The strongest observed alignment is only modest (diligence excluded-run vs subjective ρ = 0.307). These outcomes indicate that the objective pipeline and peer judgement operationalise partly different constructs and draw on different evidence channels.
H2 (diagnostic exclusion) is supported. The thesis’ most salient pattern—“sameness” in the full attribute run (A1–A29), where estimates collapse to 999/1000/1001—indicates low cohort separability under rank transformation and Y0 monotone staircase constraints, not a computational failure. Applying staircase-based exclusion and re-running COCO improves discrimination, but it also changes the evaluated evidence bundle; therefore, excluded-run outputs must be interpreted as a construct-variant (complementary diagnostic view) rather than a definitive correction.
Consolidated validated findings
Three findings are central for interpretation within the thesis boundaries.
First, the “sameness” effect in the full run is itself informative: it signals that, after ordinal ranking (including ties), many students become nearly interchangeable given the chosen descriptor set and the staircase constraints of Y0. In other words, the method provides a diagnostic about descriptor adequacy and separability under the current representation.
Second, diligence and understanding are empirically related but distinct dimensions. Their objective rankings show a positive but modest association (rank correlation ρ (rho) = 0.325), supporting the thesis decision to keep them separate and to avoid collapsing “overall performance” into a single latent dimension without introducing stronger assumptions than the thesis adopts.
Third, reliability is defended as internal coherence and sensitivity rather than predictive accuracy. Inverse-run function-symmetry validation passes most objects across runs (e.g., 21/24 in the full run and 24/24 in the full excluded-run), and the distortion tests show that implausible inputs yield unstable or degenerate outputs rather than artificial structure. Consequently, interpretability depends on the plausibility and separability encoded in the OAM and ranked OAM.
Theoretical, methodological, and engineering contributions
Theoretical contribution. The thesis operationalises objectivity in educational evaluation as auditability and contestability: constructs, directionality choices, and aggregation logic are made explicit and reproducible so that evaluation becomes inspectable rather than impression-driven. This stance aligns with the thesis’ framing of learning analytics as decision support rather than automated judgement.
Methodological contribution. The thesis demonstrates a complete, direction-aware multi-attribute evaluation pipeline for Moodle discussion data, including (i) an explicit A1–A29 attribute catalogue with direction rules, (ii) rank transformation for cross-indicator comparability, (iii) COCO Y0 execution under constant baseline with staircase diagnostics, and (iv) validation and robustness checks appropriate to the Y0 similarity-analysis setting.
Engineering contribution. The thesis operationalises the pipeline in a Streamlit prototype that executes ingestion → computation → ranking → COCO processing → validation → reporting, while storing run-level artefacts to support traceability. Governance constraints (privacy/ethics/IT security) are treated as design boundaries, including local-first operation as the recommended mode.
Limitations and boundary of claims
The thesis’ conclusions are bounded by limitations that follow directly from the study design. Moodle logs measure what the platform records and what course design incentivises; therefore, indicators remain proxies and do not directly measure learning. Rank transformation improves comparability across heterogeneous indicators but compresses magnitude information, while ties reduce discriminative power and can propagate into the COCO input. Text-based evidence is bounded: semantic similarity estimates topical alignment rather than correctness, and the AI-involvement signal is explicitly auxiliary and must not be treated as proof. Finally, the prototype is thesis-grade: it lacks production governance features (authentication/authorisation, consent workflows), and COCO execution relies on an external endpoint, creating both availability risk and a privacy boundary.
Closing statement and utility positioning
Within these boundaries, the thesis demonstrates that Moodle discussion-forum exports can be converted into a reproducible, auditable multi-attribute evidence model and executed end-to-end as a teacher-facing prototype. The system’s primary value is structured decision support—reducing evidence-extraction workload while increasing transparency of the evaluation basis—rather than replacing instructor judgement. The thesis’ stakeholder utility and quantitative added-value estimation are provided separately in §1.4, consistent with the requirement that usefulness be stated with explicit assumptions and conservative interpretation. 
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Replication for external validity and portability
Future work should prioritise replication across courses, cohorts, and task designs to test portability of the attribute catalogue and to clarify when diligence indicators become homogeneous versus discriminative. This directly addresses the platform-and-design dependence limitation and is a prerequisite for any broader generalisation claims.
Sensitivity analysis of value-laden modelling choices
A second extension is systematic sensitivity analysis over modelling decisions that are explicitly value-laden in this thesis—particularly (i) directionality assignments (0↑/1↓) and (ii) missingness semantics (imputation as zero when absence has behavioural meaning). Controlled variants should be reported alongside ranking shifts to convert “context dependence” from a qualitative caveat into an empirically characterised design parameter.
Completing the automation gap: staircase-diagnostic exclusion in the prototype
The automation layer should operationalise the currently external step: automated staircase-based attribute exclusion inside the demo workflow, including transparent reporting that excluded-run outputs are construct-variants. This closes a documented implementation gap, strengthens reproducibility, and aligns the prototype more tightly with the analytical process defined in §3.1.6.3.
Governance hardening for defensible adoption
Any move toward broader deployment requires deeper governance operationalisation: explicit consent/notice patterns, access control, retention policy tooling, and—critically—an option to run COCO locally to avoid transmitting ranked matrices to an external endpoint. These steps follow directly from the thesis’ ethics/GDPR framing and from the principle that outputs remain decision support under human accountability.
Tie-robust ranking and stronger test automation (engineering-aligned extensions)
Because large tie groups are empirically central to “sameness,” future work should integrate tie-robust ranking strategies and evaluate their impact on discrimination and stability. In parallel, the prototype should be extended from scenario-driven verification toward a more automated unit/integration testing suite, reflecting the thesis’ own identification of current demo-stage testing limitations.
[bookmark: _Toc223964479]7. Summary
This thesis addresses a recurring problem in LMS-supported teaching: evaluation of discussion-based participation and open-ended responses can become time-consuming and partly impression-driven, while Moodle exports provide trace evidence that remains underutilised unless transformed into transparent and auditable indicators. The work follows a research-and-development structure and positions learning analytics outputs as decision support rather than automated judgement.
The methodological core is an end-to-end pipeline that transforms Moodle discussion-forum rows into student-level indicators and formalises them in an Object–Attribute Matrix (OAM) with explicit directionality rules (0 = ↑ better; 1 = ↓ better). The indicator catalogue (A1–A29) is intentionally split into diligence (behavioural engagement) and understanding (bounded content-related proxies). Text-oriented evidence is operationalised through semantic similarity (sentence embeddings with cosine similarity) and an auxiliary AI-involvement signal, each treated as bounded evidence rather than direct learning measures.
For evaluation, the ranked OAM is processed using COCO Y0 under a constant baseline (Y = 1000), enabling a direction-aware, weight-avoiding multi-attribute ordering together with staircase diagnostics for identifying weakly informative attributes. Reliability is treated as internal coherence and sensitivity: inverse-run function symmetry provides a consistency diagnostic for the Y0 setting, and deliberately distorted inputs probe failure modes.
Empirically, the full attribute run exhibits a pronounced “sameness” pattern (999/1000/1001), interpreted as low separability under ordinal compression and Y0 staircase constraints rather than method failure. Staircase-based exclusion improves discrimination while changing the construct footprint, so excluded-run results are interpreted as complementary construct-variants. Diligence and understanding are related but distinct (rank correlation ρ (rho) = 0.325), and objective rankings generally diverge from peer-based subjective evaluation (typically weak or near-zero rank correlations, with only modest best alignment at ρ (rho) = 0.307). The pipeline is operationalised in a Streamlit prototype that preserves intermediate artefacts and documents governance boundaries, while explicitly acknowledging demo-stage limitations and future work requirements.
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Chapter 8 contains the supplementary materials and supporting artefacts of the thesis.
[bookmark: _Toc223964481]8.1. List of Abbreviations
	Abbreviation
	Full Form

	A1–A29
	Attribute catalogue identifiers

	AI
	Artificial Intelligence

	API
	Application Programming Interface

	BA/BSc
	Bachelor of Arts / Bachelor of Science

	BPROF
	BPROF curriculum

	COCO Y0
	Component-Based Object Comparison for Objectivity (Y0 variant)

	CORREL
	CORREL (Excel function)

	COVID-19
	Coronavirus Disease 2019

	CPU
	Central Processing Unit

	CSV
	Comma-Separated Values

	EDM
	Educational Data Mining

	EXCEL
	Microsoft Excel

	GB
	Gigabyte

	GDPR
	GDPR

	GPU
	Graphics Processing Unit

	HTML
	HyperText Markup Language

	ICT
	Information and Communication Technologies

	IDF
	Inverse Document Frequency

	ISO-8601
	International Organization for Standardization 8601 format

	IT
	Information Technology

	K+F
	Kutatás-fejlesztés

	KJU
	Kodolányi János University

	LA
	Learning Analytics

	LMS
	Learning Management System

	LSA
	Latent Semantic Analysis

	MCDA
	Multi-Criteria Decision Analysis

	NLP
	Natural Language Processing

	OAM
	Object–Attribute Matrix

	OLAP
	Online Analytical Processing

	ORM
	Object-Relational Mapping

	PROMETHEE
	Preference Ranking Organization METHod for Enrichment Evaluations

	Q&A
	Question and Answer

	R&D
	Research and Development

	RAM
	Random Access Memory

	RANK.AVG
	RANK.AVG (Excel function)

	S1
	S1 (staircase diagnostic value)

	SQL
	Structured Query Language

	TF
	Term Frequency

	TF–IDF
	Term Frequency–Inverse Document Frequency

	TOPSIS
	Technique for Order Preference by Similarity to Ideal Solution

	UI
	User Interface

	UNIX
	UNiplexed Information and Computing System time

	URL
	Uniform Resource Locator

	V1–V3
	Verification tests V1–V3

	VLE
	Virtual Learning Environment

	XLSX
	Office Open XML Spreadsheet (.xlsx)

	Y0
	Y0 (constant target variable)


[bookmark: _Toc223363020]Table 8.1- I Abbreviations (Source: Own presentation)
[bookmark: _Toc223964482]8.2. List of Figures
Figure 2.1- I The learning analytics cycle. Source: Adapted from (Clow, 2013). February, 01, 2026, from https://doi.org/10.1080/13562517.2013.827653
Figure 3- I End-to-end analytical pipeline of the proposed evaluation framework. (Source: Own presentation)
Figure 3.1.1- I Structure of the raw Moodle log dataset used in this study. Source: Adapted from the author’s conference presentation slides (Turtogtokh et al., 2025), retrieved February, 01, 2026, from https://miau.myx.hu/miau/319/performances/Conference_PPT.pptx
Figure 3.1.7- I Function-symmetry validation logic. (Source: Own presentation).
Figure 3.2- I Full operational flow of the demo application. (Source: Own presentation)
Figure 3.2.2- I Directory structure of the demo application repository. (Source: Own presentation)
Figure 3.2.3- I Session State Manager. (Source: Own presentation)
Figure 3.2.5- I High-level validation logic of the demo application. (Source: Own presentation)
Figure 3.2.6- I Page navigation flow of the demo application. (Source: Own presentation)
[bookmark: _Toc223964483]8.3. List of Tables
Table 1.4- I Two-layer economic analysis per stakeholder group (per semester; per typical course; currency: EUR) (Source: Own presentation)
Table 1.4- II Example scaling to an institution (illustrative; 50 similar courses) (Source: Own presentation)
Table 2.10- I Integration of BPROF subjects into the thesis (Source: Own presentation)
Table 3.1.2- I Raw dataset schema: header fields and contents used in the discussion-level analysis. (Source: extracted from Moodle export (Annex §8.6.5))
Table 3.1.3- I Example structure of reply-level topic relevance results. (Source: Own presentation)
Table 3.1.5- I Attribute dictionary and direction rules. (Source: Own presentation)
Table 3.1.5- II Description of dataset header fields and their analytical roles in the proposed workflow. (Source: Own presentation)
Table 3.1.5- III Direction codes and the corresponding decision rules used to interpret attribute influence within the evaluation framework. (Source: Own presentation)
Table 3.1.5- IV Object attribute matrix. (Source: Own presentation).
Table 3.1.5- V Excel formula used to generate the ranked Object–Attribute Matrix (ranked OAM) from the base OAM by applying the project’s rule-based scoring and ordering logic. (Source: Own presentation, Annex §8.6.1)
Table 3.1.5- VI Ranked OAM.  (Source: Own presentation, Annex §8.6.1)
Table 3.1.6- I Excluded-attribute cases under the Stairs-2 table from COCO, where the row S1 value is one less than the total number of objects.  (Source: Own presentation, Annex §8.6.1)
Table 3.1.8- I Full attribute set. Result summary. (Source: Own presentation, Annex §8.6.1)
Table 3.1.8- II Excluded attributes result. (Source: Own presentation, Annex §8.6.1)
Table 3.1.8- III List of excluded attributes. (Source: Own presentation).
Table 3.1.8- IV Diligence attribute result summary table. (Source: Own presentation, Annex §8.6.1)
Table 3.1.8- V Excluded diligence attribute result summary table. (Source: Own presentation, Annex §8.6.1)
Table 3.1.8- VI List of excluded attributes for the diligence run. (Source: Own presentation)
Table 3.1.8- VII Understanding attribute result summary table. (Source: Own presentation, Annex §8.6.1)
Table 3.1.8- VIII Excluded understanding attribute result summary table. (Source: Own presentation, Annex §8.6.1)
Table 3.1.8- IX List of excluded attributes for the understanding run. (Source: Own presentation)
Table 3.1.8- X Tie-handled rank matrix (RANK.AVG-transformed ranks) for objective and subjective comparisons. (Source: Own presentation, Annex §8.6.1)
Table 3.1.8- XI Spearman correlations between objective (COCO) and subjective rank variants. (Source: Own presentation, Annex §8.6.1)
Table 3.1.8- XII Correlation between Full attribute set and excluded attribute set. (Source: Own presentation, Annex §8.6.1)
Table 3.1.9- I Distorted input matrix. (Source: Own presentation, Annex §8.6.1)
Table 3.1.9- II COCO output (erratic estimates / unstable separation). (Source: Own presentation, Annex §8.6.1)
Table 3.1.9- III Distorted input (single-object dominance). (Source: Own presentation, Annex §8.6.1)
Table 3.1.9- IV COCO output (flat/degenerate separation). (Source: Own presentation, Annex §8.6.1)
Table 3.1.9- V Distorted input (synthetic deterministic structure). (Source: Own presentation, Annex §8.6.1)
Table 3.1.9- VI COCO output (flat/degenerate result). (Source: Own presentation, Annex §8.6.1)
Table 3.2.2- I Module-to-responsibility mapping of the demo application, summarising the core components, their implementation files, and their functional roles within the evaluation workflow. (Source: Own presentation).
Table 3.2.8- I Consolidated evidence from the two persisted runs in runs.db, showing completion status, data volume, and traceability indicators required for structured post-run analysis. (Source: Own presentation, Annex §8.6.7)
Table 8.1- I Abbreviations (Source: Own presentation)
Table 8.5- I Definitions (Source: Own presentation)
Table 8.5- II Units, scales, and coding notes used in the quantitative parts of the thesis. (Source: Own presentation)
[bookmark: _Toc223964484]8.4. List of Equations
Equation I Cosine Similarity Formula
Equation II Similarity Score Scaling
Equation III Topic Relevance Mean
Equation IV AI Score Scaling
Equation V Student AI Score Mean
Equation VI Baseline Target Value
Equation VII Direction-Aware Rank Formula
Equation VIII Rank Matrix Inversion
Equation IX  Delta-to-Fact Ratio
Equation X Symmetry Validity Rule
Equation XI Cohort Rank Inversion
[bookmark: _Toc223964485]8.5. List of Definitions
	Term 
	Definition

	Activity log
	A time-stamped record of user actions captured by a digital system (e.g., Moodle), typically at event level.

	Activity theory
	A socio-cultural framework for analysing human activity as a mediated system (subject–tools–object) shaped by rules, community, and division of labour.

	Algorithmic decision support
	Computational outputs (descriptive, predictive, or comparative) designed to assist human judgement rather than replace it.

	all-MiniLM-L6-v2
	A lightweight transformer-based SentenceTransformer model that maps sentences to dense vector embeddings for semantic comparison.

	Anonymization
	A data-processing transformation intended to remove or obscure identifiers so individuals are not directly identifiable in the dataset.

	Anti-discriminative optimisation
	An aggregation strategy that seeks to avoid arbitrary weighting and reduce discriminatory effects by using validated, structure-aware comparisons rather than subjective coefficient choices.

	Attribute catalogue (A1–A29)
	A controlled set of operationalised indicators, each with a defined measurement rule and directionality, used to represent student performance facets.

	Attribute directionality
	A normative rule specifying whether ‘higher is better’ or ‘lower is better’ for an indicator when constructing comparable rankings.

	Attribute exclusion
	A diagnostic procedure in which selected attributes are removed to test whether rankings are overly dependent on particular indicators.

	Auditability
	The property that outputs can be inspected and traced back to concrete evidence and rules, enabling review and accountability.

	Baseline target value
	A constant reference value used as the target in COCO’s Y0 setting, meaning there is no empirical dependent variable to predict.

	COCO Y0
	Component-Based Object Comparison for Objectivity in its Y0 (constant-target) configuration, producing composite estimates and rankings from multi-attribute inputs.

	Cosine similarity
	A similarity measure computed as the cosine of the angle between two vectors, commonly used for comparing text embeddings.

	Decision support vs automated judgement
	A scope distinction in which systems provide evidence and structured comparisons but do not autonomously decide high-stakes outcomes.

	Direction codes
	Explicit labels (e.g., ‘higher-better’, ‘lower-better’) attached to each attribute to standardise ranking logic across heterogeneous metrics.

	Discussion-level analysis
	Aggregation of log data at the discussion or thread level (e.g., per forum topic) to capture participation patterns and timing.

	Educational data mining
	A research field focused on applying data mining methods to educational datasets to understand learning processes and outcomes.

	Sentence embeddings
	Dense vector representations of text that encode semantic information, enabling meaning-oriented similarity comparisons.

	Explainability
	The extent to which a model’s outputs can be interpreted in terms of understandable components and evidence.

	Function-symmetry validation
	A robustness test in which the evaluation is rerun with direction inversions or symmetric transformations to check that outputs respond coherently to value-direction assumptions.

	Governance constraints
	Institutional and legal requirements (privacy, transparency, accountability) shaping what data may be collected and how results may be used.

	Hugging Face models
	Pretrained NLP models distributed via the Hugging Face ecosystem, typically downloaded and cached locally for inference.

	Indicator
	An operationalised measurable quantity derived from trace data intended to represent a learning-related construct (e.g., engagement, response latency).

	Interpretability
	The property that indicators and composite results can be understood and justified by humans rather than treated as opaque outputs.

	Input Verification Test
	A set of constructed distortion scenarios designed to stress-test COCO outputs for instability, degeneracy, or non-behavioural artifacts.

	Learning analytics cycle
	A feedback-loop model linking learners, data, metrics, interpretation, and intervention to improve learning environments.

	Learning Management System (LMS)
	Software platform that supports course delivery and records learner interactions (e.g., Moodle).

	Lexical similarity
	Similarity computed from surface word overlap or term statistics (e.g., bag-of-words, TF–IDF), offering transparency but limited meaning capture.

	Moodle
	An open-source LMS used as the empirical platform and log-data source for the thesis pipeline.

	Moodle logs
	System-generated event records capturing user actions (views, posts, edits, timestamps) within Moodle.

	Multi-Attribute Evaluation
	Evaluation approach that combines multiple indicators to avoid single-score reductionism and to represent performance as multi-dimensional.

	Multi-Criteria Decision Analysis (MCDA)
	A family of methods for aggregating multiple criteria into comparative decisions, often with explicit preference modelling.

	Object–Attribute Matrix (OAM)
	A matrix where rows are objects (students) and columns are attributes (indicators), forming the structured input to the evaluation engine.

	OLAP
	A class of analytical techniques supporting multi-dimensional querying and reporting over structured datasets.

	ORM
	A software technique that maps database tables to program objects to simplify persistence operations.

	Ranked OAM
	A transformed OAM in which heterogeneous raw attributes are converted to comparable rank values based on direction rules.

	Reproducibility package
	A documented bundle (code, data, configuration, and instructions) enabling others to rerun the analysis and obtain comparable outputs.

	RoBERTa “OpenAI detector”
	A RoBERTa-based classifier used to output a probability-like signal of AI-generated text.

	Robustness checks
	Deliberate perturbations and validation runs used to test whether outputs behave plausibly under input distortions or alternative configurations.

	Semantic similarity
	Meaning-oriented similarity computed using distributed representations (e.g., embeddings) rather than surface word overlap.

	Similarity analysis
	A family of methods for comparing objects based on multi-attribute patterns and distances/similarities rather than single-variable scoring.

	Spearman correlation
	A non-parametric rank correlation coefficient measuring monotonic association between two ranked variables.

	Staircase diagnostic
	A COCO output diagnostic (including S1) used to detect near-monotone structures and identify attributes whose exclusion yields maximal separation patterns.

	Streamlit
	A Python framework for building interactive data apps with a web UI.

	TF–IDF
	A term-weighting scheme that scales term counts by their inverse corpus frequency to support lexical text similarity representations.

	TOPSIS
	Technique for Order Preference by Similarity to Ideal Solution, an MCDA method ranking options by distance to an ideal point.

	PROMETHEE
	Preference Ranking Organization METHod for Enrichment Evaluations, an outranking MCDA method family.

	Traceability
	The ability to link computed indicators and rankings back to observable actions and pre-processing rules.

	UNIX time
	A timestamp convention representing seconds since the UNIX epoch, commonly used in system logs.

	reply-level topic relevance
	An operational measure computed at the level of individual replies, intended to quantify topical alignment between a student response and a reference post.


[bookmark: _Toc223893173]Table 8.5- I Definitions (Source: Own presentation)
	Symbol / item
	Meaning
	Notes / units

	N, n
	Number of students / objects in the analyzed cohort
	count (students / objects)

	posts, replies, messages, threads, events, rows
	Recorded Moodle activity volumes
	count

	h / min / s
	Time measures
	hours / minutes / seconds

	EUR / HUF / USD
	Monetary values used in value-estimation sections
	currency units

	0 = ↑ ; 1 = ↓
	Direction code used in OAM and ranking
	0 = benefit-type (higher is better); 1 = cost-type (lower is better)

	0 / 1
	Binary indicator / validation flag
	binary code

	Y
	Constant COCO baseline target
	COCO index units; fixed baseline = 1000 units

	estimation
	COCO-estimated value for an object
	COCO index units

	delta/fact
	Relative deviation from baseline
	%

	delta/fact inverse
	Relative deviation from baseline in inverse-run validation
	%

	rank
	Position in the resulting ordering
	ordinal rank position

	ρ (Spearman)
	Rank-correlation coefficient
	unitless, range [-1, 1]

	cosine similarity
	Semantic similarity between sentence embeddings
	unitless, theoretical range [-1, 1]

	topic_relevance_score
	Student-level topical alignment indicator
	score (0–100)

	avg_AI_involvedMsg_score
	Auxiliary AI-involvement indicator
	rating (1–10)

	valid_response
	Correctness/validity flag for specified task responses
	binary code (0/1)


[bookmark: _Ref223893763][bookmark: _Toc223893174]Table 8.5- II Units, scales, and coding notes used in the quantitative parts of the thesis. (Source: Own presentation)
[bookmark: _Toc223964486]8.6. Reproducibility Package
Section 8.6 presents the reproducibility package of the thesis by providing access to the principal analytical, technical, and operational artefacts required to inspect, repeat, and verify the implemented workflow.
[bookmark: _8.6.1._Excel_file][bookmark: _Toc223964487]8.6.1. Excel file
https://miau.my-x.hu/miau/330/st/OAM_Moodle_COCO.xlsx
[bookmark: _Toc223964488]8.6.2. Model source code directory
https://miau.my-x.hu/miau/315/moodle/
[bookmark: _Toc223964489]8.6.3. GitHub repository
https://github.com/Shagai-hub/Moodle_Log_Analysis_DEMO.git
[bookmark: _8.6.4._Peer_evaluation][bookmark: _Toc223964490]8.6.4. Peer evaluation Excel file
https://miau.my-x.hu/miau/315/moodle/quasi_exam_II_collected.xlsx
[bookmark: _Toc223964491]8.6.5. Database 
https://miau.my-x.hu/miau/330/st/Moodle_logs.db
[bookmark: _Toc223964492]8.6.6. Working principle of COCO
https://miau.my-x.hu/myx-free/index.php3?x=e09)
[bookmark: _8.6.6._Demo_test][bookmark: _Toc223964493]8.6.7. Demo test results
https://miau.my-x.hu/miau/330/st/runs.db
[bookmark: _Toc223964494]8.7. Conversations with LLM
Will be filled after finalizing the rest
[bookmark: _Toc223964495]8.8. Tutorial on operation
https://miau.my-x.hu/miau/330/st/USER_GUIDE%202025.docx
[bookmark: _Toc223964496]8.9. Licenses and ethics
· Use of third-party services: The prototype may run on the Streamlit hosted demo (moodleloganalysisdemo-2025.streamlit.app) and calls an external COCO Y0 endpoint; therefore, service availability and external data-transfer boundaries must be considered during operation.
· Open-source libraries and compliance: The system is built with open-source software components (e.g., Streamlit, SQLite-related tooling, NLP model libraries), so institutional use should verify and document license obligations for each dependency.
· Data privacy and ethical data handling: The implementation follows a local-first mode as the recommended setup, uses pseudonymised Moodle data, applies data minimization, and supports cascade deletion of datasets and derived artifacts to align with retention and privacy expectations.
· Licensing implications: Redistribution or broader deployment requires compliance with the licenses of application code, third-party packages, model artifacts, and any external service terms used by the workflow.
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