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Abstract. Inner loops play a critical role in intelligent tutoring systems (ITS) by
providing the step-by-step feedback necessary to guide students through tasks
and enhance their learning experience. However, delivering this detailed feed-
back requires highly granular domain knowledge, placing an substantial burden
on domain experts. While automatic approaches are typically limited to specific
contexts, both manual and automatic methods often ignore the potential of stu-
dent interactions within the system. To address this challenge, it was proposed
a novel, hybrid approach to designing the knowledge model with inner loops
by leveraging students’ collective intelligence through data derived from their
interactions. The approach was evaluated within an ITS with 147 students, and
the expert evaluations showed high accuracy, precision, and F-scores. Conse-
quently, our approach rapidly generates highly accurate ITS inner loops while
requiring significantly less expert involvement than traditional methods. To the
best of our knowledge, this is the first domain-independent approach that inte-
grates collective intelligence into authoring of ITS inner loops.

1. Introduction

Intelligent Tutoring Systems (ITS) are advanced educational technologies that
leverage artificial intelligence to optimize learning outcomes. These systems have
the capability to represent knowledge [Polson and Richardson 2013] and offer mean-
ingful, detailed feedback to students as they engage in complex problem-solving tasks
[Psotka et al. 1988]. By emulating the pedagogical strategies of human tutors, ITS
facilitate highly personalized learning experiences tailored to each student’s needs
[Nkambou et al. 2010], yielding learning gains comparable to those achieved through
one-on-one human tutoring [VanLehn 2011]. A fundamental mechanism enabling this
personalization is the inner loop, which provides fine-grained, step-by-step feedback
throughout the student’s problem-solving process [ Vanlehn 2006]. This contrasts sharply
with traditional tutoring systems, which typically deliver coarse-grained feedback based
solely on final answers [VanLehn 2011].

Although inner loops facilitate step-by-step problem-solving [Vanlehn 2006] and
yield significant learning gains [VanLehn 2011], most Intelligent Tutoring Systems (ITS)
lack them entirely or implement them in a highly simplified manner [Vanlehn 2006]. This
occurs because to deliver meaningful, high-level feedback, the inner loops requires a more

DOI: 10.5753/shie.2026.28181 2028



XV Congresso Brasileiro de Informatica na Educagdo (CBIE 2026)
Anaisdo XXXVII Simposio Brasileiro de Informatica na Educacdo (SBIE 2026)

extensive and high-granularity domain knowledge, which is a very challenging task for
its designer and for the domain experts. First, because it is necessary to have all domain
knowledge supporting information related to step-by-step resolution [Vanlehn 2006] and,
second, an effective process is required to instantiate such detailed domain knowledge.
The current models are inadequate, dependent on a specific context and/or the system
interface, and the instantiation of information is heavily dependent of human experts.

In an attempt to bring the students to a more active role in the process of de-
signing the domain knowledge and reduce specialist overload, a novel hybrid approach
was proposed to designing the domain knowledge with inner loops of intelligent tutoring
systems by leveraging students’ collective intelligence through data derived from their
interactions. Accordingly, this article introduces an context and interface independent
step-by-step resolution model and it proposes the use of Collective Intelligence (CI) of
the students in the process of authoring the domain knowledge, co-producing the required
information between the domain experts and the data of the student interactions in the sys-
tem or directly from the students in a continuous process managed by the system, which
has the direct benefits of reducing the teacher’s overload while empowering students as
active participants in the learning ecosystem.

CI has demonstrated significant efficacy across various domains and holds high
potential for educational applications [Meza et al. 2018]. Even though CI is not a novel
concept, its combination with online educational technologies is an emerging area that
brings positive impacts in the educational field [Tenorio et al. 2022]. The application of
Cl in the process of domain knowledge authoring has recently started [Tendrio et al. 2020,
Tenorio et al. 2023], and consequently, the results of this approach remain underexplored.
The inclusion of the active participation of students in this process could reduce the cost of
running the ITS [Sun et al. 2016, Zaidan and Callison-Burch 2011], minimize the time to
create the information [Cross et al. 2014], and ensure the scalable development of tutoring
models [Vaish et al. 2018].

However, there are concerns about the quality of information generated by stu-
dents, compared to that produced by domain experts [Tendrio et al. 2022]. Although pre-
liminary studies suggest that the results produced by students can achieve equivalent qual-
ity to the results produced by experts [Tenorio et al. 2022] [Tenoério et al. 2021], there is
no definitive evidence in the literature that the authoring domain knowledge using CI will
be effective. In this sense, it becomes necessary to investigate whether authoring domain
knowledge using the collective intelligence of the students presents equivalent quality
when compared to creation using specialists. Thus, the main contributions of this work
are threefold: (1) a novel model for ITS inner loops driven by collective intelligence; (2)
an active, student-engaged instantiation process for authoring domain knowledge; and (3)
an empirical validation of the proposed framework, including a expert evaluation of the
generated outputs. The remainder of this paper is structured as follows. Section 2 de-
scribes background concepts and related work. Section 3 details the proposed model and
authoring process. Section 4 presents the results and discussion, and Section 5 concludes
with recommendations for future research.
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2. Background and Related Works

Implementing inner loops requires extensive, fine-grained domain knowledge,
which poses a formidable challenge for both system designers and domain experts
[VanLehn 2011, Aleven et al. 2009, Tacoma et al. 2021]. However, given that this author-
ing process is a complex and onerous task for the domain expert, many ITS do not have
inner loops entirely, while others implement them in highly simplified manner that re-
stricts the provided feedback. For instance, the physics tutor described in [Vanlehn 2006]
evaluates only the student’s definitive answer; such single-loop systems capture only
a single piece of evidence per task, inevitably limiting their pedagogical effectiveness
[Vanlehn 2006].

On the other hand, notable examples of ITS with inner loops include the Alge-
bra Cognitive Tutor [Pane et al. 2014], Andes [Schulze et al. 2000] and the SQL-Tutor
[Mitrovic 2003]. However, the domain models driving these systems are inherently con-
strained to specific contexts, and their authoring relies on domain experts. While some au-
tomatic approaches attempt to mitigate this dependency by utilizing Al techniques for do-
main modeling [MacLellan et al. 2014, Weitekamp et al. 2020, Seffrin et al. 2012], their
applications remain largely domain-specific. Authoring tools designed to facilitate the
creation of ITS with domain-independent inner loops, such as CTAT [Aleven et al. 2006]
and SimStudent [MacLellan et al. 2014], still suffer from prolonged authoring times due
to expert overload and the difficulty of constructing comprehensive models. Conse-
quently, there remains a critical gap in the literature regarding effective methods for
representing inner-loop domain models, as existing approaches are typically context and
interface dependent, and exclusively reliant on experts for content authoring.

This exclusive reliance on experts creates a severe bottleneck that delays system
deployment, compromises content scalability, and can ultimately degrade the quality of
the tutoring experience. Conversely, student interactions generate a wealth of data during
the step-by-step resolution process, which information could significantly assist other stu-
dents but is typically discarded by the system. Integrating students into the ITS domain
knowledge authoring process has the potential to substantially expand system capabilities
[Heffernan et al. 2016] while benefiting both educators and learners. Within this context,
it is proposed leveraging the concept of Collective Intelligence (CI) to enhance the au-
thoring process. CI is broadly defined as groups of individuals acting collectively in ways
that seem intelligent [Leimeister 2010]. By applying this framework, the fine-grained
information required for inner loops is co-produced by students and teachers through a
continuous, system-managed process.

A prominent example of an ITS adopting a related collaborative concept is AS-
SISTments [Heffernan and Heffernan 2014], a platform that crowdsources educational
content — such as tips, explanations, immediate feedback [Razzaq et al. 2020], common
error responses, videos, and new problems — by leveraging a vast network of teach-
ers. This approach facilitates content creation across multiple contexts and significantly
reduces individual teacher workload. However, the authoring model implemented in AS-
SISTments operates at a coarse-grained (task) level and still relies entirely on experts.
This distinction highlights the novelty of our proposal, which focuses on fine-grained
inner loops and directly harnesses the collective intelligence of students.
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3. Authoring Domain Knowledge via Collective Intelligence

To provide fine-grained, step-by-step feedback, an ITS must contain an integrated
representation of all possible resolution paths, mapping every potential state, step, and
action within a unified knowledge network. Accordingly, this knowledge was formalized
as a knowledge graph, defined as (KG = (V, A)), where the vertex set I/ corresponds to
all possible problem states (IE), and the edge set A represents all valid resolution steps (S).
A visual representation of this KG is illustrated in Figure 1.
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Figure 1. Visual representation of the proposed Knowledge Graph (KG).

Within the KG, each node represents a possible problem state; visually, initial
states are distinguished by dashed borders, and final states by double borders. Topologi-
cally, a single state may have multiple incoming and outgoing edges. Each directed edge
corresponds to a possible step executed by a student via a specific action A. Consequently,
a student’s resolution R is formally defined as a path traversing this graph. Furthermore,
color-coding is employed to denote pedagogical correctness: green nodes and edges sig-
nify correct states and valid steps, respectively, whereas red elements indicate incorrect
states and invalid steps. Thus, a correct resolution consists exclusively of green vertices
and edges, while an incorrect resolution path contains at least one red component.

To author domain knowledge, a comprehensive, seven-step instantiation process
was proposed (Figure 2). In Step 1, the teacher registers the initial problems into the
system. Step 2 involves students solving these tasks via step-by-step resolutions; they re-
ceive feedback from the ITS, apply it to their problem-solving process, and subsequently
evaluate its pedagogical effectiveness. This evaluation data serves as a critical parameter
for both the feedback recommendation system and future expert moderation. In Step 3,
the system updates the KG based on the submitted resolutions and feedback evaluations,
utilizing them as learning points to map new states, steps, and feedback. This updating
phase is executed incrementally as new resolutions are submitted, driven by an algorithm
denoted as updateKG.

A foundational element of this methodology is the cyclical learning loop estab-
lished between Steps 2 and 3. The dynamic feedback generated in Step 3 is delivered
to students in Step 2, who iteratively assess its efficacy. Consequently, the novel reso-
lutions and ongoing evaluations from Step 2 continuously are used into Step 3 to refine
existing knowledge paths. This establishes a robust, incremental authoring architecture
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Figure 2. Overview of the Knowledge Graph Authoring Process

with students’ Collective Intelligence (CI) at its core. Following this cycle, Step 4 ana-
lyzes the current state of the IKG alongside the student’s resolution R to identify potential
knowledge gaps. The system then automatically ask supplementary explanatory informa-
tion from top-performing students, guided by a built-in reputation system. Step 5 then
consists of registering the additional information from the selected students, thereby im-
proving their reputation. Step 6 introduces an automated moderation layer by the system
to identify and eliminate inaccurate, incorrect, or inappropriate information that may be
present. Finally, Step 7 consists of manual moderation performed by the teacher with
the aim of refining the quality of the information contained in the system to ensure the
pedagogical integrity of the system.

To construct the KG for each ITS problem, an algorithm that iteratively extracts
problem-solving patterns from students’ solutions was developed. Specifically, the algo-
rithm receives as input a student resolution R alongside their feedback evaluations, and
executes the following procedure:

1. Graph Retrieval/Initialization: Retrieve the current knowledge graph associated
with problem P. If no graph is registered, initialize a new, empty graph. Alterna-
tively, the instructor may pre-initialize the graph by providing at least one correct
reference resolution.

2. Evaluation Update: Evaluate and update the parameters of the graph elements
(states and steps) corresponding to the received feedback evaluations.

3. Path Integration: For each step S contained in the resolution R:

I. Identify the source state of S in the graph. If it does not exist in the graph,
instantiate it as a new state node. If S is the first step of R, mark this node as
an initial state.

II. Identify the target state of S in the graph. If it does not exist in the graph,
instantiate it as a new state node. If S is the last step of R, mark this node as
a final state.
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ITI. Locate the corresponding edge in the graph whose source state, target state,
and action are identical to step S. If this edge is absent, create it to connect
the respective nodes.

4. Attribute Update: For each state and step instantiated or retrieved in the preced-
ing phase:
I. Update the correctness and validity parameters of all graph elements (nodes
and edges) associated with the current resolution R.

The last algorithmic step updates the correctness metrics for the states and steps
within the KG. These values are estimated based in the premise that correct and in-
correct elements (states or steps) predominantly manifest within correct and incorrect
resolutions, respectively. This assumption was subsequently validated empirically with
students. Formally, let C'z denote the comprehensive set of resolutions used to construct
the KG, with C'r¢c and Cg; representing the subsets of correct and incorrect resolutions,
respectively. Then the function PE (Equation 1) to indicate whether a specific element is
present within a given resolution, and the aggregate function PEC (Equation 2) to quan-
tify the total occurrences of an element across a set of resolutions were defined. Based on
these components, the correctness function C(E or S) was defined, as illustrated in Equa-
tion 3. Conceptually, this equation calculates the correctness of an element by subtracting
its frequency in correct resolutions from its frequency in incorrect resolutions, normaliz-
ing the result dividing by its total appearances across all resolutions. Consequently, the
function yields a continuous metric within the interval [—1, 1].

1 if FeRr

. (D |Cr|
0 if E¢ZR
rre PEC(E,Cp)=>» PE(E,R;) (2

i=1
_ PEC(E,Cgrg) — PEC(E, Cgi)
- PEC(E,Chg)

PE(E, R) = {

C(E) or C(S)

3)

Finally, the overall correctness of a resolution, denoted as C'(R), is defined as
the sum of the average correctness of the states £ with the average of the validity of
the steps S contained in R, divided by 2 to normalize the results, keeping the interval in
C(R) = [—1, 1], as presented in Equation 4 and considering C' the set of states and C's
the set of steps of R.

4 Cl ) ICs|
C(R) = 73 1CH * Zl C(E;) + PN * jzl C(S;) 4)

Based on these calculations, any given element — whether a state, step, or entire
resolution — is provisionally classified as correct if C' > 0.8, and incorrect if C' < 0.8.
Subsequently, students are prompted to manually verify and confirm these automated clas-
sifications. During this evaluation, the system analyzes each state and step of the student’s
submitted solution, comparing them against the established KG. Specifically, it identifies
elements that exactly match existing graph nodes and edges, as well as those located on
alternative paths that are topologically linked to the student’s resolution trajectory.
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4. Results and Discussions

To evaluate the domain knowledge graphs generated by our approach, we devel-
oped an ITS focused on the domain of numerical expressions and applied with 147 stu-
dents, predominantly comprising undergraduate students from STEM disciplines (math-
ematics, engineering, and computer science), who were recruited via invitation and vol-
untarily engaged with the system. Within the ITS environment, each student received
brief instructional material regarding numerical expressions before undertaking the pri-
mary task. This task consisted of solving one to three problems of increasing difficulty,
pre-authored by a domain expert, subject to a strict 10-minute limit per problem.

The students answered each problem using a step-by-step resolution method. Dur-
ing this process, they received system-generated feedback and subsequently evaluated its
pedagogical effectiveness, adhering to the continuous authoring cycle detailed in Section
3. Table 1 presents a comprehensive summary of the resolution data. In total, exactly
249 resolutions were recorded across the experiment, with the performance data clearly
reflecting the escalating difficulty of the problems:

* Problem 1 (P;): Out of 99 total attempts, 81 (81.8%) were valid resolutions.
Among these valid attempts, 56 (69.1%) were correct and 25 (30.9%) were incor-
rect.

* Problem 2 (F,): Out of 81 total attempts, 72 (88.9%) were valid resolutions.
The correctness rate decreased as expected, yielding 41 (56.9%) correct and 31
(43.1%) incorrect resolutions.

* Problem 3 (Fs): Out of 69 total attempts, 55 (79.7%) were valid resolutions.
Reflecting the highest difficulty level, the correctness rate dropped significantly to
18 (32.7%) correct, with 37 (67.3%) incorrect resolutions.

Resolution | Resolution Time(s) Knowledge # Steps
T/1/V C/I Min / Max / Avg Avg Min / Max / Avg
P 199/18/81 56 /25 59/567/236.54 7.86 3/12/7
P, | 81/9/72 41/31 457590/ 250.50 7.98 4711177
P; | 69/14/55 18 /37 7917593 /375.13 8.03 4/15/8.34

Table 1. Summary of Student Resolution Data

The ITS incrementally updated the knowledge graph via the update KG algorithm
after each submitted resolution. To thoroughly analyze this evolutionary process, we fo-
cus specifically on the topological growth of problem F;. Figure 3(a) illustrates the initial
KG, which comprises the correct reference resolution pre-registered by the domain ex-
pert. As subsequent student resolutions were processed, the ITS dynamically integrated
new states and steps, updated correctness metrics, and branched out novel solution path-
ways. This early expansion is captured in Figure 3(b), which depicts the P, graph after
incorporating 12.5% of the total responses.

This structural growth continued continuously with incoming data, as demon-
strated in Figure 4, showing the expanded KG after processing 50% of the student res-
olutions. Furthermore, these visualizations encode supplementary pedagogical data to
facilitate analysis. Node size and edge thickness are scaled proportionally to the students’
traversal frequency, allowing for the rapid identification of the most common resolution
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(a) Inicial KG (b) KG After 12.5% of the Responses

Figure 3. Evolution of the Knowledge Graph (KG) Using the Proposed Authoring
Process

pathways (highlighted in blue). Additionally, orange arrows are superimposed to pointing
to the most frequent student errors. These are further categorized into either foundational
mathematical miscalculations (indicated by points 1 and 3) or deeper conceptual miscon-
ceptions (indicated by points 2 and 4).

Table 2 details the structural properties of the generated KGs, illustrating that the
volume of states and steps expanded significantly in direct correlation with task difficulty.
This exponential growth underscores the magnitude of the authoring challenge faced by
domain experts. By leveraging CI, however, our system dynamically instantiates and
updates this information as novel resolutions are submitted, enabling the scalable con-
struction of highly complex KGs. To rigorously evaluate the efficacy of this approach,
three independent domain experts evaluated each generated KG independently. The re-
sulting classifications, based on the majority of experts, were then compared against our
model’s automated outputs, yielding the confusion matrices detailed in Table 3.

Based on these matrices, comprehensive statistical metrics were derived, as sum-
marized in Table 4. The data demonstrates that the proposed model achieves robust accu-
racy in predicting both states and steps across all problems, consistently exceeding 70%.
Similarly, precision rates remain exceptionally high, surpassing 80% in all scenarios. This
indicates a strong capacity of the model to minimize false positives, thereby ensuring that
elements flagged as correct are highly reliable.
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States States Steps
Tot/Init/Int/Fin | Cor/Inc/Inconc. | Tot/Val/Inv/Inconc.
P | 122/19/90/13 42/74/6 165/82/82/1
Py, | 123/19/90/ 14 27/81/15 182/78/7/99/5
Py | 240/16/192/32 37/188/15 282/66/211/5

Table 2. Summary of the Generated Knowledge Graphs (KGs)

Expert - States Expert - Steps
State Correct | Incorrect Step Valid | Invalid
Correct 34 8 Valid 79 3
P Incorrect 1 73 Invalid 82
Inconclusive 0 Inconclusive 1 0
Correct 22 5 Valid 70 8
b Incorrect 8 73 Invalid 16 83
Inconclusive 15 0 Inconclusive 5 0
Correct 36 1 Valid 64 2
P Incorrect 50 138 Invalid 61 150
Inconclusive 15 0 Inconclusive 5 0

Table 3. Confusion Matrix Comparing Model Predictions with Expert Evaluations

Group ACC PPV TPR Fl1 TNR FPR FNR | MCC
Accuracy | Precision | Recall | F-Score | Specificity | type 1 | type 2

P1-States | 0,8770 0,8095 | 0,8292 | 0,8192 0,9012 | 0,0988 | 0,1708 | 0,7263
P1-Steps | 0,9757 0,9634 | 0,9875 | 0,9753 0,9647 | 0,0353 | 0,0125 | 0,9518
P2-States | 0,7723 0,8148 | 0,4888 | 0,6110 0,9358 | 0,0642 | 0,5112 | 0,4943
P2-Steps | 0,8406 0,8974 | 0,7692 | 0,8284 0,9120 0,088 | 0,2308 | 0,6884
P3-States | 0,7250 0,9729 | 0,3564 | 0,5217 0,9928 | 0,0072 | 0,6436 | 0,4775
P3-Steps | 0,7588 0,9696 | 0,4923 | 0,6530 0,9868 | 0,0132 | 0,5077 | 0,5641

Table 4. Performance Evaluation Metrics of the Proposed Model

Conversely, we observed lower recall values, most notably in problem FP;. This
decline is corroborated by the false negative rates for steps reported in Table 3 (8.79% in
P and 21.63% in P;), implying that the model occasionally misclassified valid positive
states as negative. The F-score metrics demonstrate solid performance for problem P;
and for the states in problems P, and P (all exceeding 0.65). The lowest F-scores were
recorded for the steps in problems P, and P; (0.6110 and 0.5217, respectively); however,
performance consistently remained above the 0.50 threshold, establishing the viability of
the CI-driven authoring approach even in complex problems.

An analysis of the error metrics reveals consistently low False Positive Rates
(FPR), remaining below 10% across all cases for all problems. This demonstrates the
model’s strong discriminatory capacity to avoid misclassify genuinely negative elements
as positive. Consequently, when the system classifies a state as correct or a step as valid,
this prediction is accurate over 90% of the time, ensuring a high level of pedagogical re-
liability. Conversely, an examination of the False Negative Rate (FNR) presents a more
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nuanced outcome. While the FNR remains relatively low (under 25%) in the majority of
scenarios, notable exceptions exist where values exceed 50%. This elevated FNR indi-
cates that the model exhibits a conservative bias; it occasionally fails to recognize novel,
valid student solutions, erroneously classifying them as incorrect.

Finally, the Matthews Correlation Coefficient (MCC) was calculated, a statistical
metric that evaluates the quality of binary classifications [Matthews 1975]. The MCC
yields a correlation value within the interval [—1, +1], where +1 denotes a perfect predic-
tion, 0 indicates a random classification, and —1 signifies total disagreement. It is recog-
nized in the literature as a more reliable and informative metric than standard Accuracy
and Fl-score [Chicco and Jurman 2020]. The results demonstrate strong MCC perfor-
mance across all problem groups, with values consistently approaching or exceeding 0.5,
and peaking at 0.95 for problem P;.

Based on the statistical analysis presented, it can be conclude that it is highly
feasible to author domain knowledge for ITS inner loops by leveraging student Col-
lective Intelligence (CI), achieving a level of quality and structural integrity equiv-
alent to traditional, expert-driven creation. When examining the specific states that
exhibited divergence between the model and the experts, we found that the majority
of discrepancies came from the incorrect application of parentheses. This variance re-
sulted from minor attentional oversights during the manual evaluation of fine-grained
elements. Furthermore, we identified a fundamental difference in the evaluation heuris-
tics employed: whereas students tended to assess individual steps holistically, the experts
analyzed each step in strict, logical isolation. Reconciling this misalignment in evaluation
granularity represents a critical avenue for future refinements of the proposed model.

Furthermore, providing fine-grained, step-by-step resolutions and comprehensive
feedback demands significant manual effort from instructors. This creates a severe au-
thoring bottleneck that inherently limits the scalability and practical application of such
systems. Historically, the literature estimates that 200 to 300 hours of development are
required per single hour of instruction, an overhead that can only be reduced by half us-
ing traditional authoring tools like CTAT [Aleven et al. 2006]. To evaluate the efficiency
of our approach, we measured the cumulative time required to construct the knowledge
graph organically through student interactions. For the evaluated tasks, the students spent
a total of 23,425 seconds (approximately 6.5 hours) submitting 99 resolutions for prob-
lem P;; 20,192 seconds (5.6 hours) for the 81 resolutions of P»; and 25,379 seconds (7.05
hours) for the 69 resolutions of P;. While a strict one-to-one comparison with expert
authoring times is challenging due to methodological differences, the data strongly sug-
gests that generating domain knowledge via CI drastically reduces the overall time
compared to traditional expert-driven authoring. Additionally, continuously crowd-
sourcing resolutions from students organically bridges the system’s inherent knowledge
gaps, continuously enriching its capacity to deliver high-quality, adaptive feedback.

Existing literature demonstrates that Collective Intelligence (CI) holds substantial
potential within educational technologies to enhance collaboration, interaction, and learn-
ing processes, positively impacting both students and instructors [Tenorio et al. 2022].
The findings of the present study corroborate this potential, demonstrating that CI can
be leveraged to construct the core components of an ITS domain model. This CI-driven
approach achieves a level of quality equivalent to expert-authored models but in signif-
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icantly less time, thereby substantially mitigating the instructor’s authoring bottleneck.
Furthermore, student CI can be harnessed for applications far beyond answer validation.
The system can automatically identify specific nodes within the knowledge graph that re-
quire additional pedagogical support, subsequently prompting students to author explana-
tory feedback for their peers. This peer-generated feedback can then be continuously
evaluated by the students itself. Through this incremental process, the ITS is enabled
to automatically filter and recommend only the most highly-rated hints. Ultimately, this
paradigm shifts the instructor’s role from a primary content creator to a strategic content
moderator, liberating valuable time to address complex, individualized student needs.

5. Conclusions and Future Works

This study proposed and validated a novel, CI-driven framework designed to miti-
gate the persistent authoring bottleneck in Intelligent Tutoring Systems (ITS). By leverag-
ing the Collective Intelligence of students to incrementally construct and update domain
Knowledge Graphs (KG), we demonstrated that it is highly feasible to author fine-grained
ITS inner loops without relying exclusively on domain experts. Our empirical evalua-
tion, conducted with 147 STEM students, confirms that the CI-generated domain mod-
els achieve a level of structural integrity equivalent to traditional, expert-driven creation,
but at a fraction of the time. The statistical analysis shows that the system demonstrated
strong predictive capabilities, consistently maintaining accuracy rates above 70% and pre-
cision above 80%, alongside good Matthews Correlation Coefficient (MCC) scores. The
analysis also revealed a conservative bias in the model’s classification — evidenced by a
higher False Negative Rate (FNR) in more complex problems — ensuring a low rate of
false positives and, consequently, a high degree of pedagogical reliability. Despite these
promising results, the evaluation highlighted critical avenues for refinement. We observed
divergences between the model and expert, primarily stemming from the incorrect appli-
cation of parentheses and minor attentional oversights. Addressing the misalignment in
evaluation granularity constitutes a primary focus for our immediate future work. Specif-
ically, we intend to refine the model’s algorithms to better reconcile the contextual versus
isolated evaluation heuristics observed between students and experts.

Furthermore, we plan to expand the application of student CI beyond structural
authoring to encompass the generation of rich pedagogical interventions. By automati-
cally identifying fragile nodes within the KG, the ITS will dynamically ask to students
to author support materials, such as contextual hints, conceptual explanations, justifica-
tions, and specific error feedback. Finally, to establish the validity and generalization
of the proposed framework, future studies will deploy the CI-driven ITS within authen-
tic classroom environments and across diverse educational domains. Conducting these
in-the-wild experiments will be crucial for empirically quantifying the tangible learning
gains for students, as well as the practical reduction of authoring overhead for educators
in everyday practice. Finally, while the descriptive metrics and correlation coefficients
strongly indicate the model’s efficacy, the current analysis does not include inferential
statistics or confidence intervals. Consequently, although the observed trends are highly
promising and validate the feasibility of the CI-driven authoring process, the absence of
formal significance testing limits the statistical generalization of these specific quantita-
tive outcomes to broader populations.
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