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Abstract

Sustaining study habits over time remains a central challenge in
digital and self-directed learning environments, including online
Software Engineering education. This paper proposes the HARAS
model (Habits Anchored by Affective-Semantic Reinforcement), a
conceptual and formal framework distinguishing observable en-
gagement, habit strength, and subjective appreciation of studying,
integrated through dynamic affective mechanisms organized into
three progressively internalized layers comprising Activating, Reg-
ulatory, and Semantic Affective Reinforcement. Sustainable habits
emerge from a planned transition across these layers rather than
from the continuous intensification of external stimuli. The model
is operationalized through a mathematical formalization based on
latent states and temporal dynamics, an Al reference architecture
with signal-to-inference mappings, two worked scenarios in struc-
turally distinct educational contexts, and an empirical validation
roadmap. A heuristic evaluation with six domain experts yielded
an overall mean of 4.48 (SD = 0.26; = 0.707) across eighteen
structured items in four thematic blocks, with block-level means
ranging from 4.17 (Implementation Feasibility) to 4.71 (Theoretical-
Educational Plausibility). Thematic analysis of five open-ended
items identified the separation between engagement and appreci-
ation and the planned AAR—SAR transition as the most valued
contributions, while the absence of social and collaborative dimen-
sions emerged as the primary structural limitation (f = 5/6).
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1 Introduction

The creation and maintenance of study habits have been a long-
standing concern in education, particularly in digital and self-
directed learning environments. This challenge is especially salient
in Software Engineering (SE) education, where online platforms,
blended learning environments, and continuous training programs
demand sustained independent engagement from learners over ex-
tended periods [3]. Many students struggle to remain engaged over
time, abandoning their study routines once initial enthusiasm fades.
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In response, several educational platforms have adopted habit for-
mation strategies [15], such as gamification, reminders, and reward
systems [6], with the aim of reinforcing repeated study behavior.

Although such approaches are effective in promoting short-term
persistence, growing evidence indicates that behavioral continuity
does not necessarily guarantee the development of a positive af-
fective relationship with learning [26]. Students may sustain study
routines due to external pressures or reward structures without
developing intrinsic interest or enjoyment [6]. This dissociation
between studying and liking to study raises fundamental questions
for the design of intelligent educational systems: Is maintaining
the habit sufficient? If not, how can technology simultaneously sup-
port behavioral persistence and the construction of a positive affective
relationship with studying?

Research in motivation theory, academic emotions, and gami-
fication suggests that externally regulated behaviors can become
habitual without being fully internalized [21]. Systems optimized
for retention and daily use may inadvertently foster dependence
on extrinsic reinforcement, leading to disengagement when such
stimuli are reduced or removed. Nevertheless, most Al-based ed-
ucational systems continue to focus on observable engagement
metrics, such as access frequency or task completion, while neglect-
ing the affective quality of the learning experience and the meaning
attributed to studying [12].

By integrating affective computing, habit theory, and Al-based
adaptation, this work contributes to the track on Innovative Envi-
ronments and Methods for Software Engineering Education, with
particular relevance to online learning platforms and Al-supported
training tools. The objective of this article is to formalize and
operationalize the HARAS model (Habits Anchored by Affective-
Semantic Reinforcement) as a framework for designing intelligent
educational systems that go beyond engagement optimization, ex-
plicitly modeling the dynamics between behavior, affect, and mean-
ing. Methodologically, the study adopts a mixed approach that com-
bines conceptual modeling, mathematical formalization of latent
states and temporal dynamics, the definition of an Al-based refer-
ence architecture, and a heuristic evaluation conducted with domain
experts. The proposal encompasses (i) a layered model of affective-
semantic reinforcement (AAR, RAR, SAR), (ii) its computational
translation into observable signals and inference mechanisms, and
(iii) an empirical validation roadmap grounded in testable hypothe-
ses. Throughout the paper, we present the theoretical foundations
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of the model, its formal specification, the system architecture, il-
lustrative application scenarios, and the results of the expert-based
evaluation, outlining both its contributions and directions for future
empirical validation.

This work is guided by the following research question: RQ: How
can intelligent educational systems support the formation of sustain-
able study habits, going beyond observable engagement by jointly
modeling habit strength, affective state, and subjective appreciation
of studying?

This question is addressed progressively throughout the paper
by: (i) a conceptual framework distinguishing engagement, habit
strength, and subjective appreciation (Section 3); (ii) affective rein-
forcement organized into three progressively internalized layers,
AAR, RAR, and SAR (Section 3); (iii) a mathematical formalization
through latent state dynamics (Section 4); (iv) an Al-based reference
architecture mapping latent states to observable signals (Section 5);
and (v) a heuristic evaluation with domain experts (Section 8).

In addressing this question, HARAS contributes to Software
Engineering Education by providing: (i) conceptual model that
distinguishes observable engagement, habit strength, and subjec-
tive appreciation of studying as separable constructs; (ii) a formal
mathematical model of the temporal dynamics linking behavior,
affect, and habit consolidation; (iii) an AI-based operational ar-
chitecture mapping latent states to observable platform signals
and inference methods; (iv) a layer-transition intervention pol-
icy that modulates the type of affective reinforcement (AAR, RAR,
SAR) as the habit consolidates, rather than merely its intensity; and
(v) an empirical validation roadmap connecting each research
hypothesis to a feasible experimental design.

The originality of HARAS lies not in introducing entirely new
constructs, but in organizing, formalizing, and operationalizing
established constructs into a layer-specific intervention policy for
sustaining study habits and motivational internalization.

2 Related Work and Positioning

Habit Formation and Self-Regulated Learning: Habits can be
defined as patterns of behavior acquired through the consistent
repetition of actions in relatively stable contexts, becoming pro-
gressively automatic over time [15]. Models such as the habit loop
describe this process as the interaction between cue, routine, and
reward [25]. As habits consolidate, behavioral control shifts from
deliberative to automatic mechanisms, promoting cognitive econ-
omy [8]. Repetition therefore explains behavioral persistence but
does not determine its motivational or affective quality.

Self-Determination Theory positions motivation along a contin-
uum from external regulation to intrinsic motivation [21]. Within
this framework, a behavior may be stable and automated without
being meaningful, as long as it is sustained by external contin-
gencies. Zimmerman’s model of Self-Regulated Learning further
distinguishes mechanical from motivational self-regulation [26]:
only the latter supports deep learning, long-term persistence, and
adaptation to less structured contexts.

Affect-Aware Learner Models and Intelligent Tutoring Sys-
tems: The AIED (Artificial Intelligence in Education) community
has produced a rich tradition of affect-aware learner models. Auto-
Tutor [7] pioneered the detection of confusion and frustration from
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conversational cues, demonstrating that transient affective states
influence learning outcomes and warranting real-time adaptive
responses. MetaTutor [1] extended this approach by incorporating
self-regulated learning monitoring, tracking metacognitive strate-
gies alongside affective signals. Conati and Maclaren [4] proposed
probabilistic learner models using Dynamic Bayesian Networks to
infer and respond to affective states during problem solving. Baker
et al. [5] established sensor-free affect detection from behavioral
logs, enabling engagement and disengagement monitoring without
specialized hardware.

HARAS is positioned differently from all of these systems in
three respects. First, whereas existing affect-aware tutors focus
on transient emotional episodes (a moment of confusion, a frus-
tration peak) and respond to them reactively, HARAS models the
evolution of study habits across extended time scales, treating af-
fect as a mediating variable in long-term behavioral consolidation.
Second, while systems such as MetaTutor and AutoTutor aim to op-
timize immediate learning performance, HARAS targets a distinct
objective: the internalization of studying as a valued, autonomous
activity, captured through the subjective appreciation of learning.
Third, HARAS formalizes a layer-specific intervention policy that
transitions from Activating to Regulatory to Semantic Affective
Reinforcement, distinguishing it from systems that adapt the inten-
sity of reinforcement without modulating its type across the habit
formation timeline.

Emotions, Engagement, and Learning Analytics: Emotions
influence attention, memory, and persistence, modulating the depth
of cognitive processing and the construction of meaning [14, 18].
In the absence of positive emotional involvement, study activities
tend to assume an instrumental character, even when maintained
consistently [16]. Despite this evidence, many Learning Analytics
systems remain oriented toward superficial behavioral engagement
metrics, relying on indicators such as clicks and time on task as
proxies for learning [10]. Several studies have criticized this re-
ductionist approach, arguing that such indicators neglect affective,
cognitive, and self-regulatory dimensions of learning [11, 22].

HARAS responds to this limitation by integrating affective dy-
namics into the habit formation model, making these constructs
theoretically grounded and computationally tractable.

3 The HARAS Model

The HARAS model was developed through a theory-driven integra-
tion of existing concepts from habit formation, affective computing,
and motivational theories. Its core contribution lies in organizing
these elements into three layers of affective reinforcement (Activat-
ing, Regulatory, and Semantic) designed to reflect the progressive
internalization of motivation observed in the literature. These lay-
ers were defined to address the limitation of engagement-centered
approaches by explicitly distinguishing between initiating behav-
ior, stabilizing routines, and fostering meaning, thus enabling a
more complete representation of how study habits are formed and
sustained over time.

Scope delimitation. The current version of the model delib-
erately restricts its scope to individual behavioral and affective
dynamics, in order to make the framework conceptually clear and
formalizable in a first version. Social and collaborative dimensions
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are therefore not represented in the present state space, even though
they are especially important in SE education, where pair program-
ming, code review, and team projects are central to professional
formation. This is a structural limitation of the current version, not
a definitive theoretical decision: Section 10 outlines how future ex-
tensions should incorporate peer interaction quality, collaborative
engagement, peer feedback, and sense of professional belonging.

3.1 Central Premise

HARAS proposes that sustainable study habits emerge when af-
fective reinforcement strategies evolve from external triggers to
progressively more internalized forms of regulation and meaning:

Study habits become more stable as their support shifts from
external reinforcement to personal value and meaning attributed
to learning. The model organizes affective reinforcement into three
layers along a continuum of internalization (Figure 1).

t Affective and motivational internalization processes 1

Regulatory Affective
Reinforcemen (RAR)

Semantic Affective
Reinforcement (SAR)

Activating Affective
Reinforcement (AAR)

« Self-monitoring

+ Emotional and motivational self-
regulation

+ Persistence under autonomy

Affect associated with perceived

progress

+ External triggers (e.g.,
notifications, deadlines)

« Externally regulated behavior

+ Immediate outcomes

Affect contingent on the system

+ Personal meaning-making
*  Values and identity
+ Learner-defined goals
Purpose-oriented affect

Habitual Study Behavior

Figure 1: The HARAS model: AAR: Activating; RAR: Regula-
tory; SAR: Semantic.

3.2 Affective Reinforcement Layers

Table 1 summarizes the three reinforcement layers and their main
characteristics.

Table 1: Affective Reinforcement Layers in the HARAS Model

Layer Core Mechanism Function Target Affect
Activating Salient triggers, ex- Initiate behavior Excitement, ur-
(AAR) trinsic rewards gency
Regulatory Frustration reduc- Consolidate rou- Safety,  self-
(RAR) tion, predictability tines efficacy
Semantic Autonomy, values, Internalize the Interest, pur-
(SAR) meaning habit pose

Activating Affective Reinforcement (AAR) corresponds to
the most immediate layer of engagement, based on highly salient
external stimuli and short-term rewards. It reduces initial inertia
and increases action initiation likelihood, but tends to produce
fragile sustainment when used in isolation.

Regulatory Affective Reinforcement (RAR) operates on the
quality of the emotional experience during task execution by pro-
moting predictability, reduced frustration, and perceived control.
Its main function is to consolidate study routines and foster safety,
calmness, and self-efficacy.
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Semantic Affective Reinforcement (SAR) represents the
deepest layer. Engagement is sustained through meaning attribu-
tion, autonomy, and alignment with personal values and identity.
SAR makes the habit progressively self-sustaining and less depen-
dent on external stimuli.

Transition between layers. HARAS conceptualizes habit for-
mation as a dynamic process of transition between these layers
(Figure 2). Over time, the relative weight of AAR decreases while
RAR and, in particular, SAR assume a growing role.

Time
Py I Sustained
Initiation Consolidation
engagement
* High AAR -« High RAR ]
Moderate RAR *  Moderate SAR * High SAR
+ Low SAR « AAR | * Moderate RAR

*  Minimal AAR

Figure 2: Progressive transition of affective reinforcement.

3.3 Instantiation in Software Engineering
Education

At the level of its abstract constructs (engagement, habit strength,
affective state, and subjective appreciation), HARAS is domain-
independent by design. Its instantiation in SE education, however,
is concrete and specific. In SE courses, sustainable study habits
involve repeated programming practice, code submission, debug-
ging, error recovery, help-seeking, incremental problem solving,
and persistence under frequent corrective feedback. These activities
provide SE-specific candidate signals for observing engagement,
habit formation, and possible affective disengagement: submission
regularity and debugging session patterns feed the estimation of
Hj;, while error-recovery trajectories and help-seeking behavior
feed the inference of A;; (Section 5).

HARAS differs from a generic intelligent learning framework in
the way the Semantic Affective Reinforcement layer connects to SE
learning dynamics, the development of programming competence,
the use of authentic software problems, and the construction of a
professional identity as a software engineer (Section 5.3). The model
is not intended to promote general platform use, but to support
the internalization of technical study practices that are cumulative,
effortful, and frustrating in SE learning.

4 Mathematical Formalization

To operationalize the HARAS model and enable its use in intelligent
educational systems, we propose a mathematical formalization
that captures the dynamic interaction between behavior, affect,
and habit formation over time. The model represents the learner’s
state through a set of latent and observable variables, allowing the
specification of temporal dependencies and the effects of different
types of affective reinforcement. This formalization provides the
basis for inference, prediction, and adaptive intervention policies
in Al-driven learning environments.
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4.1 State Variables

Consider alearner i observed over discrete time steps ¢. The learner’s
state is described by:

e E;; € {0,1}: observable engagement indicator at time ¢;

e H;; € [0,1]: latent habit strength at the beginning of time ¢;

e A;; € R: latent affective state, as deviation from a neutral
baseline;

° Rl(tl ),Ri(t2 ),Ri(f ) e [0, 1]: intensities of activating, regulatory,
and semantic reinforcement;

e X;:: observable control variables (e.g., task difficulty, time of

day).

4.2 Engagement Probability

3
k
Pr(Eiy =1) =0(Mit),  nir = ai+ﬁHHit+ﬁAAit+Z ﬁkRi(t )+YTXit-

k=1
1
Higher habit strength (H;;) and favorable affective states (A;; >
0) increase engagement probability. Different reinforcement types
amplify or attenuate this probability depending on their intensity
and the learner’s profile.

4.3 Affective State Dynamics

3
k
Ajp =6 + Z 5kR§, )4 SpEis—1 +uir,  uiy ~N(0,02). (2)
k=1

The term Jg captures the idea that recent study experiences
improve subsequent affect through perceived competence or self-
efficacy, completing a positive feedback loop between behavior and

emotion.

4.4 Habit Dynamics
Hipe1 = (1= )Hie + pEit g(R(Z)

it >

RS})) +p1Ei R,-(,l), (3)
with A € (0,1), p, p1 > 0, and

g(Rl.(tz),RS)) = WzRi(tZ) + W3Ri(t3), w3 > wy > 0. 4)

Habit strength decays in the absence of practice (1) and in-
creases only when the learner engages. Activating reinforcement
contributes to immediate habit strengthening, while regulatory and
semantic reinforcement exert a more durable effect (w3 > wy).

4.5 Observable Appreciation Variable
Lit = 0p + OpHyr + O,RY + 0,RY 0. RV +6,. (5
Habit consolidation and regulatory and semantic reinforcement
contribute positively to learning appreciation, whereas excessive

reliance on activating reinforcement may sustain behavior without
promoting enduring interest.

5 Al-Based Architecture

The architecture translating HARAS into a deployable system is
organized into three cyclically operating components. While each
component builds on established AIED approaches, their integra-
tion within the HARAS layer-transition framework constitutes the
novel architectural contribution.
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5.1 Observation and Signal Extraction

Observable proxies for the latent states are collected from plat-
form interaction logs. Table 2 maps each latent state to concrete
observable signals and candidate inference methods.

Table 2: States, Observable Signals, and Inference Approaches

Latent State  Observable Signals Inference Method Example

Tools

H;; (Habit Session frequency, streak  Exponential Platform
strength) regularity, session initia- smoothing, Hidden logs, calen-
tion time consistency Markov Models dars

Aj+ (Affec- Response latency, error Bayesian affect de- LMS event
tive state) rate patterns, help-seeking  tectors [4], sensor- logs
frequency, session aban- free models [5]
donment

(k) ;
R;;”  (Rein-
forcement
intensities)

Platform design param- Directly controlled Adaptive
eters: badge frequency by the intervention platform
(AAR), scaffold availabil-  policy settings
ity (RAR), goal-setting

prompts (SAR)

5.2 Latent State Inference

Habit strength (H;;) is estimated from the temporal regularity of en-
gagement, session frequency, streak length, and stability of session-
initiation time across weeks. These signals can be processed by ex-
ponential smoothing models or Hidden Markov Models calibrated
to the accumulation-decay dynamics of Equation 3.

Affective state (A;;) is inferred from indirect behavioral signals,
following the sensor-free affect detection paradigm established by
Baker et al. [5]: error rate trends, help-seeking frequency, response
latency, and session abandonment patterns are observable proxies
for disengagement and frustration. Dynamic Bayesian Networks, as
demonstrated by Conati and Maclaren [4], offer a principled prob-
abilistic framework for this inference, naturally accommodating
uncertainty and partial observability.

Although this sensor-free approach is well established in intelli-
gent educational systems and learning analytics when less intrusive
solutions are required, behavioral signals are semantically ambigu-
ous: high error rates may reflect cognitive difficulty rather than
affective frustration, and low access frequency may result from
external contextual constraints rather than disengagement. HA-
RAS therefore treats these proxies as probabilistic evidence under
uncertainty, not as deterministic measures of affective state. Three
design consequences follow. First, the intervention policy should be
conservative and accompanied by uncertainty indicators, avoiding
rigid decisions derived from a single data source. Second, empirical
validation of the model must include sensitivity analyses exam-
ining how affective misclassification propagates to intervention
recommendations. Third, hybrid inference mechanisms combining
behavioral logs, brief in-context self-reports, and natural language
analysis of student—platform interactions are identified in Section 10
as extensions to reduce proxy ambiguity.
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5.3 Affective Intervention Policy and
Operationalization

Based on inferred states, the policy selects reinforcement type and
intensity. In early stages (low H;;), the policy prioritizes AAR: streak
badges, daily reminders, completion rewards. As the habit consoli-
dates, the focus shifts to RAR: adaptive difficulty calibration, struc-
tured feedback, scaffolded error recovery. At high habit strength,
SAR assumes the central role.

Semantic Affective Reinforcement, the most abstract layer, is
operationalized through four concrete mechanisms: (i) goal articu-
lation modules, where learners explicitly state personal learning
goals and receive reflective prompts connecting daily tasks to those
goals; (ii) value-relevance framing, where the platform surfaces
real-world connections between study content and the learner’s
stated professional interests; (iii) competence narratives, which
present progress in terms of evolving identity ("you are becoming
a software engineer") rather than points accumulated; and (iv) au-
tonomy support, which progressively reduces scaffolding and
transfers task selection control to the learner as habit strength in-
creases. These mechanisms are adapted from Self-Determination
Theory interventions [21] and interest development research [20],
and are designed to be implemented as software modules within
adaptive learning management systems.

6 Illustrative Scenarios

To make the model’s practical operation concrete, we present two
worked scenarios in meaningfully different educational contexts.
The scenarios apply the model’s equations with illustrative param-
eter values calibrated to patterns reported in the habit formation
and SRL literature [15, 26].

Scenario A: Online Programming Course (Asynchronous)

Context: A learner enrolled in a self-paced online SE course
(similar to Coursera or edX) has completed the first two weeks. Inter-
action logs show session frequency declining from 5 sessions/week
(week 1) to 2 sessions/week (week 2), with high error rates and
frequent help-seeking behavior.

State estimation: Based on declining regularity and high error-
rate signals, the system estimates H; ; = 0.25 (low habit strength)
and A;» = —0.4 (mild negative affective state, below neutral base-
line), suggesting frustration or cognitive overload.

HARAS policy response: Since H;; < 175, (below the con-
solidation threshold), the policy prioritizes AAR: a daily reminder
notification is activated, a streak badge is introduced for 3 consecu-
tive days of study, and a short-term milestone reward (unlocking a
bonus project) is made visible. Simultaneously, RAR support is intro-
duced to address the negative affective state: the platform adaptively
reduces exercise difficulty by one level and activates scaffolded
error feedback (explicit hints instead of binary correct/incorrect
responses). SAR mechanisms remain dormant at this stage.

Projected dynamics: Assuming the learner responds to AAR
stimuli by resuming 4 sessions/week for the next two weeks, with
engagement E;; = 1 for 8 of the next 10 days, the habit update
equation yields (using illustrative parameters A = 0.05, p; = 0.1,
R =0.3):

Hiyir ~ (1-0.05)(0.25) +0.1-1-0.8 ~ 0.32.
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After four weeks of AAR-sustained engagement, the system
re-evaluates: if H;; reaches 0.45, the policy begins transitioning
toward RAR dominance, reducing badge frequency and introducing
structured weekly goal-setting.

Scenario B: Technical Training Program (Blended)

Context: A software developer enrolled in a company-sponsored
technical upskilling program (12-week blended format) has com-
pleted eight weeks. Logs show stable attendance (4 sessions/week
consistently since week 3) but a declining appreciation score (L;;
self-report dropping from 4.2 to 3.1 on a 5-point scale), and reduced
voluntary exercise attempts beyond mandatory assignments.

State estimation: The stable, regular attendance pattern yields
H;s = 0.72 (high habit strength). However, the declining L;; and
reduced voluntary engagement signal a growing dissociation be-
tween behavioral persistence and affective engagement: the learner
is maintaining the habit but no longer finding it meaningful, con-
sistent with H7.

HARAS policy response: Since H;g > 744, (above the SAR
activation threshold), the policy suppresses AAR (no new badges or
rewards) and shifts focus entirely to SAR mechanisms: (i) the learner
receives a goal articulation prompt asking them to describe what
professional problem they aim to solve with the skills being learned;
(ii) the platform begins surfacing optional industry case studies
connecting course content to real SE projects; (iii) scaffolding on
mandatory exercises is progressively removed, transferring task-
design control to the learner for the final four weeks.

Projected dynamics: If SAR interventions increase Rl(f ) from

0.1 to 0.6 while thl) drops to 0.0, the appreciation equation projects
(using illustrative 6y = 0.3, 63 = 0.5, 6; = 0.2):

Liy~0+03-0724+0.5-0.6—-0.2-0=0 +0.516.

This represents a projected improvement in appreciation com-
pared to the AAR-dominant baseline (6, + 0.3 - 0.72 — 0.2 - 0.8 =
0y + 0.056), illustrating how the transition to SAR dominance is
expected to recover affective engagement even when behavioral
persistence is already established.

Contrast with Scenario A: The two scenarios are structurally
different: Scenario A addresses a learner with low habit strength
and negative affect who needs AAR and RAR to initiate and stabilize
behavior; Scenario B addresses a learner with high habit strength
and declining appreciation who needs SAR to prevent the disso-
ciation of persistence from meaning. This contrast illustrates the
model’s capacity to identify and respond to qualitatively differ-
ent learner states that would be indistinguishable under a purely
engagement-based monitoring system.

7 Research Hypotheses

The following hypotheses derive directly from the mathematical
formalization and are organized into four levels. Each is accompa-
nied by an empirical design sketch to address reviewer concerns
regarding testability.



SBES 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

7.1 Hypotheses on the Determinants of
Engagement

H1. Role of Activating Reinforcement in Initiation. Ri(tl) in-
creases the probability of initial learner engagement, particularly
when Hj; is low (f; > 0, with magnitude decreasing as H;; in-
creases).

Design: Longitudinal study with randomized AAR intensity con-
ditions; log-based measurement of session frequency; multilevel
logistic regression with Hj; as moderator.

H2. Habit as a Primary Facilitator. H;; is positively associated
with subsequent engagement probability, after controlling for A;;,
R, and X, (B > 0).

Design: Observational study with weekly engagement and habit-
strength estimates from logs; mixed-effects regression.

H3. Mediation by Affective State. Favorable affective states
(Aj; > 0) increase immediate engagement probability (4 > 0),
characterizing affect as a partial mediator.

Design: Experience sampling with in-app mood reports at session
start; causal mediation analysis.

H4. Post-Engagement Affective Feedback. Recent engage-
ment (E; ;1 = 1) contributes positively to subsequent A;; (6 > 0),
completing a positive feedback loop.

Design: Same experience sampling as H3; lagged regression of
mood on prior session occurrence.

7.2 Hypotheses on Habit Formation and
Stability

H5. Hierarchy of Effectiveness in Habit Formation. Regu-
latory and semantic reinforcement promote more durable habit
strengthening than activating reinforcement (w; > wy > 0).

Design: 3-arm experiment comparing AAR-only, RAR-only, and
SAR-progressive conditions; 12-week follow-up measuring habit
persistence after intervention removal.

He. Fragility of Activation-Dependent Habits. In a with-
drawal design, learners in the AAR-only group will show a sharper
engagement decline after reinforcement removal than RAR/SAR
groups.

Design: Extension of H5 experiment; withdrawal phase after
week 8; engagement rate measured weekly for 4 post-withdrawal
weeks.

7.3 Hypothesis on Subjective Experience and
Valuation

H?7. Dissociation Between Engagement and Appreciation.

AAR may predict short-term engagement but not L;;, while RAR

and SAR are positively associated with both (0,, 65 > 0; 6; < 0).
Design: Weekly self-report of learning appreciation using adapted

Academic Enjoyment Scale [18]; within-person regression with

reinforcement-type exposure as predictor.

7.4 Hypothesis for Intelligent Intervention
Design

HS8. Advantage of a HARAS-Adaptive Policy. A policy that
transitions from AAR to RAR to SAR as H;; increases yields superior
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sustained engagement, habit growth, and intrinsic appreciation,
compared to static single-type reinforcement policies.

Design: A/B test of HARAS-adaptive policy vs. persistent-AAR
baseline in an SE online course; primary outcomes: 12-week engage-
ment retention, appreciation score, voluntary study time beyond
mandatory assignments.

8 Heuristic Evaluation

8.1 Objective and Study Design

To assess the conceptual quality of the HARAS model prior to
its implementation in a real educational environment, a heuristic
evaluation by domain experts was conducted. This is a formative
evaluation modality widely employed in the Intelligent Educational
Systems literature to examine the theoretical plausibility, internal
coherence, and implementation feasibility of propositional models
not yet submitted to empirical validation [17, 24]. The instrument
was developed specifically for this study and made available via
Google Forms! between April 13 and 17, 2026. It is organized into
three parts: a section characterizing the evaluator’s profile (P1-P3),
eighteen quantitative items on a five-point Likert scale distributed
across four thematic blocks (Part A, Q01-Q18), and five open-ended
qualitative judgment questions (Part B, Q19-0Q23). The instrument
structure is presented in Table 3.

Table 3: Structure and content of evaluation instrument.

Section / Block Items Dimension assessed

Section 0 (Profile) P1-P3

Area of expertise, experience, and familiarity
with adaptive systems or educational gamifica-
tion.

Block 1 (Conceptual Q01—
Clarity) Qo4

Distinctness of the AAR, RAR, and SAR layers;
intelligibility of Semantic Reinforcement for
non-Al educators.

Block 2 (Theoretical- Q05— Coherence of the proposed motivational tra-
Educational Plausi- Q08 jectory and practical recognition of modeled
bility) phenomena.

Block 3 (Implemen- Q09—
tation Feasibility) Q13

Availability of observable signals, imple-
mentability of SAR mechanisms, and represen-
tativeness of illustrative scenarios.

Block 4 (Utility and Q14—
Completeness) Q18

Practical applicability of interventions, com-
pleteness of affective dimensions, and empiri-
cal validation feasibility.

Part B (Open Ques- Q19—
tions) Q23

Promising aspects, limitations, scenario cover-
age, sufficiency of SAR mechanisms, and miss-
ing motivational dimensions.

Prior to completing the instrument, each expert received a pre-
sentation document of the HARAS with the instruction that the
evaluation should focus on the concepts, mechanisms, and applica-
tion scenarios, without requiring mastery of the formalizing mathe-
matical equations. All data were handled in aggregate, anonymized
form and used exclusively for scientific research purposes.

8.2 Expert Profile

The panel comprised six experts (N = 6) with complementary
expertise profiles, bringing together professionals active in Soft-
ware Engineering (SE) teaching, Artificial Intelligence in Education

!https://forms.gle/bquAdjdjGaN6jStbA
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(AIED) research, and Learning Analytics. Four experts have direct
involvement in SE teaching (E1, E3, E4, and E5), and two are also
active in AIED or Learning Analytics research (E2 and E3). Regard-
ing experience, half the panel (E1, E2, E3) has fewer than three
years in the field, while the other half (E4, E5, E6) has between
seven and fifteen years, providing a balance between emerging
and consolidated perspectives. All evaluators declared moderate or
basic familiarity with adaptive systems (no expert with advanced
familiarity participated), which is relevant for interpreting Block 1
results, as evaluations reflect the perspective of potential model
adopters rather than specialized researchers. The detailed profile
of evaluators is presented in Table 4.

Table 4: Profile of expert participants in evaluation.

Exp. P1(Primary Area) P2 (Experience) P3 (Familiar-

ity)
E1l SE teaching (undergrad/grad) ~ Under 3 years Moderate
E2 AIED / Learning Analytics re-  Under 3 years Moderate
search
E3 SE teaching + AIED + Other ~ Under 3 years Moderate
E4 SE teaching (undergrad/grad)  7-15 years Moderate
E5 SE teaching (undergrad/grad) ~ 7-15 years Basic
E6 Other 7-15 years Basic

8.3 Analysis Procedures

Quantitative data (Part A) were subjected to three levels of analysis.
At the first level, descriptive statistics were computed for each item:
arithmetic mean (M) and standard deviation (SD), as well as the
proportion of responses at agreement level (score > 4) and full
agreement (score = 5). At the second level, internal consistency
of each block was assessed via Cronbach’s Alpha (), interpreted
according to Hair et al. [9]: values below 0.60 are unsatisfactory;
0.60-0.70, acceptable; 0.70-0.80, good; above 0.80, very good. At the
third level, inter-rater agreement was assessed via Kendall’s W [13],
with statistical significance estimated by chi-square approximation
with k — 1 degrees of freedom.

Qualitative data (Part B) were analyzed via two-step thematic
content analysis following Braun and Clarke [2]: segmentation of
responses into units of meaning and grouping into thematic cate-
gories by semantic similarity. For each emergent thematic category,
the absolute frequency of experts who mentioned it (f) and the
relative frequency over the panel total (f/N) were recorded, distin-
guishing majority themes (f > 4/6), minority themes (f = 2-3/6),
and idiosyncratic mentions (f = 1/6).

8.4 Quantitative Results

The quantitative evaluation yielded consistently favorable results
across all blocks. The complete instrument obtained an overall
mean of 4.48 (SD = 0.26) and a Cronbach’s Alpha of 0.707, situated
in the good range, indicating satisfactory internal consistency.
Block-level analysis reveals a coherent evaluation structure:
Blocks 1 and 2, dedicated to conceptual clarity and theoretical-
educational plausibility, obtained means of 4.62 and 4.71 respec-
tively, indicating high expert agreement with the model’s concep-
tual foundations. Block 3, dedicated to implementation feasibility,
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presented the lowest mean (4.17; SD = 0.65) and the highest vari-
ance across all blocks, a pattern expected and theoretically coherent
for a model at the propositional stage not yet submitted to imple-
mentation in a real environment. Block 4, concerning utility and
completeness, obtained a mean of 4.50. Internal consistency indices
and inter-rater agreement coefficients by block are presented in
Table 5.

Table 5: Internal consistency (¢) and inter-rater (W).

Block M SD a w

Block 1 (Conceptual Clarity) 4.62 034 0374 0.097 (n.s.)
Block 2 (Theor.-Educ. Plaus.) 471 0.37 0.738 0.017 (n.s.)
Block 3 (Impl. Feasibility) 4.17 0.65 0.820 0.099 (n.s.)
Block 4 (Utility & Completeness) 4.50 0.28 0.307* 0.307 (n.s.)
Full instrument (Q01-Q18) 4.48 0.26  0.707 0.194 (n.s.)

At the block level, Blocks 2 and 3 present adequate & values (0.738
and 0.820), while Blocks 1 and 4 register (*) unsatisfactory values
(0.374 and 0.307). This pattern does not represent a reliability fail-
ure but reflects the intentional multidimensionality of both blocks:
Block 1 spans from layer distinction to SAR intelligibility for non-
specialists (conceptually related but non-redundant constructs), and
Block 4 ranges from practical utility to empirical feasibility and
global assessment. In heuristic evaluation instruments for complex
theoretical artifacts, low within-block homogeneity is expected
when each item captures a distinct facet of the construct rather
than interchangeable indicators of the same latent dimension [23].
Kendall’s W did not reach statistical significance in any block, indi-
cating that while experts tend to agree on the absolute score levels,
they differ in the priorities and emphases assigned to the model’s
distinct aspects.

The most expressive item across the entire evaluation was Q18,
concerning the global assessment of HARAS as a contribution to
the design of Intelligent Educational Environments in SE: it ob-
tained the maximum mean of 5.00 (SD = 0.00), with unanimous
agreement from all six experts. Similarly, Q15 (relevance of the
subjective appreciation variable for Learning Analytics systems:
M = 4.83; SD = 0.37), Q03 (coherence of the model’s central
premise: M = 4.83; SD = 0.37), and Q07 (practical recognition of
the motivational meaning-loss phenomenon: M = 4.83; SD = 0.37)
obtained the highest scores in the instrument. At the other end,
the lowest-scoring items were Q13, concerning the representative-
ness of Scenario B (corporate technical training in blended format;
M = 3.67; SD = 0.75), and Q17, concerning the feasibility of the
empirical validation roadmap (M = 4.00; SD = 0.58), both examined
in the block-level analyses below.

8.4.1 Blocks 1and 2 (Conceptual Clarity and Theoretical-Educational
Plausibility). Results for Blocks 1 and 2 are consistently high. Items
Q03 (central premise) and Q07 (practical realism of the motivational
meaning-loss problem) obtained the highest means in the set (4.83),
demonstrating high agreement with the hypothesis that sustainable
habits emerge from a planned transition from exogenous to seman-
tic reinforcement. The lowest-scoring item was Q04 (M = 4.33),
concerning the clarity of the SAR concept for educators without
an Al background, suggesting that the communicability of this spe-
cific construct may require additional terminological simplification.
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This result is consistent with the panel’s profile, in which no expert
declared advanced familiarity with adaptive systems. Individual
scores (Likert scale 1-5) and item means are presented in Table 6.

Table 6: Individual scores and item means (Blocks 1 and 2).

Item E1 E2 E3 E4 E5 E6 M (SD)

Q01 5 4 5 5 4 5 467 (0.47)
Q2 5 3 5 5 5 5 467 (0.75)
Q03 5 5 4 5 5 5 4.83  (0.37)
Qo4 4 4 4 4 5 5 433 (0.47)
Q05 5 5 5 4 4 5 467 (0.47)
Q06 5 4 5 5 4 5 467 (0.47)
Q07 5 4 5 5 5 5 4.83  (0.37)
Q08 5 4 5 5 4 5 467 (0.47)

8.4.2 Block 3 (Implementation Feasibility). Block 3 presents the
highest variance across all blocks (M = 4.17; SD = 0.65) and con-
centrates the two lowest-scoring items in the instrument: Q13 (Sce-
nario B: M = 3.67; SD = 0.75) and Q12 (Scenario A: M = 4.17;
SD = 0.90). These results indicate that, while experts recognize
the technical feasibility of the model’s mechanisms (Q09-Q11, all
with M = 4.33), the representativeness of the illustrative scenar-
ios is assessed more critically, especially the corporate blended
environment. The variance observed in Q09 (SD = 0.94) suggests
reservations from part of the panel regarding the reliability of be-
havioral signals as affective state proxies, a concern that echoes
in the qualitative responses. Individual scores and item means are
presented in Table 7.

Table 7: Individual scores and item means (Block 3).

Item E1 E2 E3 E4 E5 E6 M (SD)

Q9 5 5 5 5 3 3 433 (0.94)
Q10 4 5 4 5 4 4 433 (0.47)
Qi1 5 4 5 5 4 3 433 (0.75)
Q12 5 5 4 5 3 3 417 (0.90)
Q13 5 3 3 4 4 3 367 (0.75)

8.4.3  Block 4 (Utility and Completeness). Block 4 registers the high-
est mean among the quantitative blocks (M = 4.50; SD = 0.28). Item
Q18, concerning the global assessment of the HARAS model, con-
firmed the pattern highlighted above: unanimous maximum scores
from all six experts (5.00; SD = 0.00), evidencing unrestricted con-
sensus on the model’s pertinence and scientific relevance. Item
Q15 (subjective appreciation in Learning Analytics: M = 4.83;
SD = 0.37) demonstrates strong recognition of the proposed diag-
nostic innovation. Item Q17 (feasibility of the empirical validation
roadmap: M = 4.00; SD = 0.58) registered the block’s lowest mean:
although the model is unanimously evaluated as relevant (Q18),
experts expressed moderate skepticism about the executability of
the proposed experimental designs in real educational contexts,
a theoretically significant discrepancy that warrants attention in
future work. Individual scores and item means are presented in
Table 8.
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Table 8: Individual scores and item means (Block 4).

Item E1 E2 E3 FE4 E5 E6 M (SD)

Q14 5 5 4 5 4 4 450 (0.50)
Q15 5 5 5 5 5 4 4.83  (0.37)
Q16 4 4 3 5 4 5 417 (0.69)
Q17 4 3 4 5 4 4 400  (0.58)
Q18 5 5 5 5 5 5 5.00  (0.00)

8.5 Qualitative Results

The thematic analysis of the five open-ended questions (Q19-Q23)
produced convergence patterns with varying degrees of expressive-
ness.

Regarding Q19 (most promising aspects), two thematic axes pre-
dominated. The first, present in four of six responses, refers to
the analytical distinction between observable behavioral engage-
ment and subjective study appreciation, recognized as a qualita-
tive advance over gamification approaches that optimize surface
metrics without necessarily promoting meaningful learning. The
second axis, present in three responses, concerns the planned layer-
transition dynamics, which prevents motivational collapse when
external rewards are removed. These two axes are, in practice,
interdependent: it is precisely the distinction between habit and
appreciation that makes the transition to SAR clinically relevant as
an intervention strategy.

Regarding Q20 (weaknesses and limitations), a central critique
emerged with notable convergence: four of six experts identified the
methodological fragility of inferring affective states from indirect
behavioral proxies. High error rates may indicate cognitive diffi-
culty rather than affective frustration; low access frequency may
reflect external contextual constraints rather than loss of meaning.
The most elaborated solution suggested, incorporating hybrid mech-
anisms such as natural language analysis and user-personalized
modeling, points to a model extension direction aligned with con-
temporary affective computing approaches.

Regarding Q21 (scenario coverage), four of six experts identified
gaps: absence of face-to-face teaching, of hybrid contexts with
strong instructor mediation, and of collaborative environments such
as pair programming and team projects. Two experts considered
the scenarios representative and adequate. This critique, combined
with the moderate assessment of Q13, suggests that expanding the
scenario portfolio would be a significant contribution to the paper’s
completeness.

Regarding Q22 (SAR mechanisms), most experts evaluated the
four proposed mechanisms as adequate and well-grounded. Expan-
sion suggestions converged on two axes: incorporating the social
dimension into SAR (peer code reviews, student interaction) and
strengthening the link between activities and the student’s emerg-
ing professional identity (explicit competency mapping, real-world
problem-based learning). A relevant caveat was raised: the effec-
tiveness of the autonomy support mechanism is conditioned on
correctly identifying the student’s maturity level, an implicit de-
pendence on instructor mediation not made explicit in the model’s
current formulation.

Q23 (missing affective dimensions) produced the most expres-
sive convergence pattern in the entire qualitative evaluation. Five
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of six experts identified the social dimension as absent or under-
represented in the HARAS model, formulated as collaborative and
peer learning, peer teaching, and sense of belonging to a profes-
sional community. In SE, collaborative practices such as code review,
pair programming, and team-based development are not periph-
eral but constitute the core of professional training. The absence
of social variables in HARAS (which operates exclusively on in-
dividual behavioral and affective state metrics) may compromise
its applicability in the most representative contexts of professional
SE practice. The thematic synthesis of main qualitative findings is
presented in Table 9.

Table 9: Thematic synthesis of qualitative evaluation (open
questions Q19-Q23).

Question Main findings Conv.
Q19 Analytical separation of engagement/appreciation;  4/6, 3/6
Promis- lanned AAR—SAR transition as prevention of

p P

ing aspects)  motivational collapse.

Q20 (Weak-  Affective state inference via behavioral proxiesis  4/6
nesses) methodologically imprecise and semantically am-
biguous. Hybrid mechanisms with NLP suggested.

Q21  (Sce- Gaps: face-to-face teaching, hybrid contexts with ~ 4/6
nario instructor mediation, collaborative environments
coverage) (pair programming, team projects).

Q22 (SAR  Adequate and well-grounded. Suggestions: struc-  Positive:

mecha- tured reflective feedback, real-world problem-based  6/6
nisms) learning, peer code reviews, task-to-competency
mapping.

Q23 (Miss- Social dimension absent (collaborative learning, 5/6
ing dimen- professional belonging). Also noted: perceived self-
sions) efficacy, cognitive load.

8.6 Threats to Validity

The interpretation of results must consider threats to validity across
four dimensions, following established guidelines in experimental
software engineering [19, 24]. Regarding construct validity, some
items operationalize multifaceted constructs that may have been in-
terpreted differently by each expert, partially explaining the higher
standard deviations in Q04 and Q16. The use of arithmetic means
over ordinal scores, although standard practice in heuristic evalua-
tion literature, implicitly presupposes interval scaling. Regarding
internal validity, acquiescence bias, halo effects from sequential
item reading, and social desirability influences cannot be ruled out
(especially in Q18), given that experts knew they were evaluating
the authors’ own model. Regarding external validity, the small panel
size (N = 6) and the absence of experts with advanced familiarity in
adaptive systems limit the generalizability of findings; the absence
of professionals with exclusive profiles in corporate training may
partially explain the more moderate assessment of Q13. Regarding
conclusion validity, analyses are descriptive in nature, and thematic
categorization was conducted manually without computer-assisted
qualitative analysis software, introducing a margin of interpretive
subjectivity.

9 Discussion and Implications for SE Education

The HARAS model contributes to Software Engineering education
by offering a conceptual and formal framework that expands the
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traditional understanding of engagement in intelligent educational
environments. Most digital platforms for SE training are designed
around observable engagement metrics such as access frequency,
module completion, and exercise submission rates. HARAS chal-
lenges this design assumption by formally distinguishing between
observable engagement, habit stability, and subjective appreciation
of learning.

The heuristic evaluation provides expert-based support for this
framing. The overall instrument mean of 4.48 and the unanimous
maximum score on Q18 (M = 5.00; SD = 0.00) indicate strong con-
sensus among domain experts on the model’s pertinence and scien-
tific relevance. High scores on Q03 (M = 4.83) and Q07 (M = 4.83)
further indicate that both the central theoretical premise and the
practical recognizability of the motivational meaning-loss phenom-
enon are well received, suggesting that the model’s conceptual
foundations align with the lived experience of SE educators and
researchers. It must be emphasized, however, that this evaluation
provides evidence of perceived plausibility, clarity, and relevance;
it does not constitute empirical evidence that the model improves
learning, motivation, or habit formation. The present work estab-
lishes the conceptual and computational basis for producing such
evidence; implementation and longitudinal validation in a real SE
learning platform (Section 10) constitute the natural continuation
of this agenda.

The two illustrative scenarios in Section 6 demonstrate the
model’s diagnostic capacity: two learners with identical engage-
ment rates but different habit strengths and appreciation trajectories
(Scenario A vs. Scenario B) would receive qualitatively different
interventions under HARAS. A purely engagement-based system
would treat them identically, missing the Scenario B learner’s grow-
ing risk of appreciative disengagement. Item Q07, which directly
concerns the practical recognizability of this phenomenon, obtained
one of the highest means in the entire instrument (M = 4.83;
SD = 0.37), indicating that domain experts consider the disso-
ciation between habit strength and motivational appreciation not
only theoretically coherent but also practically observable.

From a practical standpoint, HARAS implies three concrete de-
sign requirements for SE education platforms. First, the platform
must implement habit-strength estimation from session regularity
logs, using the accumulation-decay model of Equation 3. Second, the
platform must infer affective state from behavioral proxies, follow-
ing established sensor-free methods [4, 5]. Third, the intervention
policy must be configured to transition reinforcement type over
time rather than merely adjusting intensity, implementing the SAR
mechanisms described in Section 5.3. The evaluation confirmed that
experts consider this third requirement, modulating reinforcement
type rather than merely its intensity, a practical improvement over
current gamification systems (Mp1; = 4.33).

The appreciation variable L;; (Equation 5) offers a formal tar-
get for evaluation tools in SE education, complementing cognitive
outcome measures (test scores, code quality) with a motivational
internalization dimension. This is particularly relevant for long-
duration technical training programs where dropout is driven not
by inability but by motivational disengagement. Item Q15, which
concerns the importance of monitoring subjective appreciation in
Learning Analytics systems, achieved the joint-highest mean in the
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instrument (M = 4.83; SD = 0.37), reinforcing the diagnostic value
of this variable.

The qualitative evaluation additionally identified two structural
limitations that define concrete extension directions. The social
dimension, identified by five of six experts as absent or underrep-
resented, points to the need for incorporating collaborative and
peer-based variables into the model’s state space. Practices such
as code review, pair programming, and team-based development
are central to SE professional formation and cannot be adequately
captured by metrics operating exclusively on individual behavior.
Additionally, the methodological fragility of affective state infer-
ence via behavioral proxies, raised by four experts, points to the
value of hybrid inference mechanisms incorporating natural lan-
guage signals from student-platform interactions. Both directions
define the future work agenda described in the following section.

10 Conclusion and Future Work

This paper presented the HARAS model as a conceptual, formal, and
methodological contribution to the field of Artificial Intelligence
in Education, with direct implications for the design of intelligent
educational environments in Software Engineering. The main theo-
retical contribution lies in the formalization of a planned transition
between different forms of affective reinforcement as the mech-
anism underlying durable study habit formation, distinguishing
observable engagement, habit stability, and subjective appreciation
of learning as three separable constructs that educational systems
should monitor and target independently.

The proposed framework provides a conceptual and formal an-
swer to the research question posed in Section 1: intelligent edu-
cational systems can support the formation of sustainable study
habits by jointly modeling habit strength, affective state, and subjec-
tive appreciation as separable latent constructs, rather than relying
on observable engagement alone, and by planning the transition
of affective reinforcement from activating, through regulatory, to
semantic layers as the habit consolidates. Engagement optimization
is thereby reframed from an end in itself into an early stage of a
longer internalization trajectory whose target is a self-sustaining,
valued study practice.

The paper extended prior versions of the model with three addi-
tions that directly address empirical and practical concerns: (i) a
concrete signal-to-inference architecture that maps latent states to
observable platform data and candidate algorithms; (ii) two worked
scenarios illustrating how the model applies to structurally different
educational contexts, demonstrating diagnostic capacity that goes
beyond what engagement-only systems can provide; and (iii) an
empirical validation roadmap that connects each hypothesis to a
feasible experimental design, prioritizing the most impactful hy-
potheses (H6, H8) as entry points for future empirical work.

A heuristic evaluation conducted with six SE and AIED experts
yielded consistently favorable results, with an overall mean of 4.48
across eighteen structured items and unanimous maximum agree-
ment on the model’s relevance for intelligent educational environ-
ment design in SE (Mg = 5.00; SD = 0.00). High scores were also
registered for the model’s central premise (Mgos = 4.83), the prac-
tical recognizability of motivational meaning-loss (Mgo; = 4.83),
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and the importance of monitoring subjective appreciation in Learn-
ing Analytics (Mgp;5 = 4.83). The evaluation additionally identified
three structural limitations that define the research agenda: the
methodological fragility of affective state inference via behavioral
proxies; the absence of the social dimension from the model’s state
space (f = 5/6); and the restricted coverage of the illustrative sce-
narios, which does not contemplate face-to-face teaching, hybrid
contexts with instructor mediation, or collaborative environments.
At this stage, HARAS remains a conceptual and formal contribu-
tion: as emphasized in Section 9, the expert judgments attest to
how the model is perceived, not to measured effects on learning,
motivation, or habit formation. What the present work establishes
is the conceptual and computational basis (constructs, equations,
architecture, and intervention policy) upon which such empirical
evidence can now be produced.

Building on this basis, three prioritized directions follow. First,
the implementation of HARAS in a real SE learning platform and
the collection of longitudinal data over several weeks (covering en-
gagement regularity, behavioral indicators, and self-reported study
appreciation) to estimate the model’s parameters empirically, begin-
ning with the withdrawal experiment (H6) and the adaptive policy
comparison (H8) as the most practically consequential tests. In this
validation, success is defined across three dimensions rather than
by surface activity metrics: greater engagement retention, greater
habit stability after the reduction of external stimuli, and higher sub-
jective appreciation of studying, rather than merely more logins or
completed tasks. Second, the extension of the model to incorporate
social variables (including peer interaction quality, collaborative
task engagement, peer feedback, and sense of professional commu-
nity belonging) as additional state variables or moderators of the
reinforcement policy, in response to the convergent finding of the
qualitative evaluation (f = 5/6). Third, the development of hybrid
affective state inference mechanisms that complement behavioral
log signals with brief in-context self-reports and natural language
analysis of student-platform interactions, together with sensitivity
analyses examining how affective misclassification affects interven-
tion recommendations, addressing the methodological limitation
raised by four of six experts regarding the ambiguity of indirect
behavioral proxies.

Artifact Availability

No research artifacts are provided with this submission. The HARAS
model is presented at a conceptual and formal level; implementation
artifacts will be made available upon completion of the planned
empirical validation studies. The heuristic evaluation instrument is
publicly accessible at https://forms.gle/bquAdjdjGaN6jStbA.
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