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Abstract

The selection of educational technology (EdTech) tools by teachers remains a poorly sys-
tematized process, frequently disconnected from their pedagogical and technological
competencies. This paper proposes a computational system that integrates teacher pro-
filing based on the Technological Pedagogical Content Knowledge (TPACK) framework
with unsupervised learning techniques and a cosine similarity-based recommendation
mechanism. Using data collected through an adapted TPACK instrument administered
to 303 secondary and higher education teachers, four structurally distinct profiles were
identified using hierarchical clustering and K-means analysis. These profiles were used
to generate personalized EdTech tool recommendations by matching them to the TPACK
feature space. The system was evaluated using Recall@K, Mean Average Precision (MAP),
Structural Alignment Index (SAI), and comparison with baseline models, using an expert-
validated ground truth. The results show values of Recall@10 = 0.805, MAP = 0.777, and
SAI = 0.998, with a Precision@1 improvement of 0.340 over the cosine baseline, suggesting
that structural profiling of teacher knowledge improves the quality of the generated recom-
mendations under expert-defined relevance conditions. The results obtained suggest that
operationalizing the TPACK framework as a computational representation constitutes a
promising basis for developing pedagogically contextualized recommendation systems in
educational analytics environments.

Keywords: TPACK; educational recommendation systems; educational technology; teacher
profiling; clustering; educational analytics; artificial intelligence in education

1. Introduction

The rapid expansion of educational technology (EdTech) tools in academic settings
has expanded the range of tools available for instructional design and classroom implemen-
tation. However, the selection and integration of these tools remain a poorly systematized
process, frequently determined by the teacher’s personal preferences, familiarity with
certain platforms, or informal peer recommendations, rather than by defined pedagogical
criteria. This empirical approach limits the ability to identify technologies that align with
the teacher’s knowledge profile and the learning objectives of each educational context.
As a result, technological integration in the classroom responds more to circumstantial
factors than to a structured correspondence between the teacher’s competencies and the
pedagogical characteristics of the available tools.

Theoretical frameworks for analyzing teacher knowledge have primarily focused on
measuring and evaluating competencies, with limited exploration of their implementation
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as a basis for developing intelligent systems. In the absence of structured teacher profiling
mechanisms within computational environments, generating EdTech tool recommendations
that coherently align with teachers’ capabilities and practices is challenging. This limitation
is exacerbated by the continuous expansion of the available digital resource ecosystem,
making it difficult to make informed decisions about their integration into the classroom.

The Technological Pedagogical Content Knowledge (TPACK) framework offers a
solid theoretical foundation for addressing this need by conceptualizing teacher knowl-
edge as the interaction between technological (TK), pedagogical (PK), and subject-matter
(CK) dimensions, along with their intersections (Mishra & Koehler, 2006). This framework
has been widely used to analyze teacher competencies in various educational contexts
(Chai et al., 2010; Fakhriyah et al., 2022; Koh et al., 2010) and allows for the multidimen-
sional and quantifiable representation of teacher knowledge. However, its application has
remained focused on the measurement and evaluation of competencies, with little explo-
ration of its potential in developing intelligent systems geared toward personalized instruc-
tion. This gap between the representational richness of the TPACK framework and its lim-
ited implementation in computer systems represents an unexplored research opportunity.

Systems designed to support teachers’ decision-making in selecting EdTech tools
remain limited compared to those geared toward students (Siafis et al., 2024; Zangana et al.,
2026). These systems rarely incorporate theoretical models of teacher knowledge as the
structural basis for the recommendation process, primarily relying on interaction data or
general user preferences. No proposals have been identified that explicitly integrate the
dimensions of the TPACK framework within a computational recommendation model for
teachers. This absence constitutes a significant methodological gap, given that the multi-
dimensionality of the TPACK framework makes it an ideal structured basis for building
teacher profiles that can be processed by intelligent systems.

To address this gap, a computational system is proposed that integrates teacher
profiling based on the TPACK framework with unsupervised learning techniques and
a similarity-based recommendation system. Using the framework’s dimensions, vector
representations of teacher knowledge are constructed, allowing teachers to be grouped
into homogeneous profiles through clustering algorithms. These profiles form the basis
for generating EdTech tool recommendations through cosine similarity in the TPACK fea-
ture space, improving the alignment between teachers” pedagogical competencies and the
suggested technologies. This approach provides a structured and reproducible mecha-
nism for decision-making in the selection of digital educational resources, with potential
applications in institutional educational analytics contexts.

The main contributions of this work are threefold. The first is the operationalization
of the TPACK framework as a structured computational representation for teacher pro-
filing. The second is the development of a recommendation model that incorporates the
teacher’s pedagogical profile as a central element of the process. The third is the empirical
evaluation of the system using standard recommendation system metrics, complemented
by a comparative analysis against baseline models and system performance indicators
that allow for examining its stability, catalog coverage, and structural dispersion of the
TPACK feature space. To guide these contributions, the following research questions were
formulated: whether TPACK dimensions can be used to identify structurally differentiated
teacher profiles through unsupervised learning techniques; whether these profiles can be
operationalized as a feature space for personalized EdTech recommendation; and to what
extent profile-based recommendation improves offline ranking metrics compared with
direct cosine similarity and random baselines under expert-defined relevance conditions.
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2. Literature Review

The analysis of teachers’ knowledge in contexts of technological integration has been
extensively addressed through the TPACK framework, which has allowed for the study of
how teachers articulate technological, pedagogical, and disciplinary dimensions in their
educational practice. Several studies have used this framework to evaluate teachers’ com-
petencies and analyze their development in different educational contexts (Chai et al.,
2010; Fakhriyah et al., 2022; Koh et al., 2010). Other studies have delved deeper into the
interpretation of TPACK as an integrated construct of teacher knowledge (Olofson et al.,
2016), as well as its evolution and application in different disciplines (Hsu, 2015). Subse-
quent research has advanced the validation of the TPACK construct using psychometric
instruments, consolidating its use as a tool for measuring teacher knowledge (Pamuk et al.,
2015; Schmid et al., 2020). However, most of these studies have focused on descriptive
and evaluative approaches, with limited exploration of computational systems that could
leverage this information in decision-making processes.

Recommendation systems have been widely used in education as mechanisms to
personalize access to learning content and resources. Traditional approaches have proven
effective in identifying behavioral patterns and generating user-specific recommenda-
tions (Adomavicius & Tuzhilin, 2005; Ricci et al., 2021). Recently, applications focused
on teacher professional development have been proposed, particularly in the creation
of personalized learning pathways (Siafis et al., 2024; Zangana et al., 2026). Parallel to
this, profile analysis based on TPACK dimensions has been used to categorize teach-
ers into differentiated knowledge groups for descriptive and instructional purposes
(Jin and Schmidt-Crawford, 2022; Li and Bai, 2025). However, these two lines of research
have evolved, largely independently: profiling approaches have not been connected to
recommendation mechanisms, and existing recommendation systems for teachers have
not incorporated theoretically grounded knowledge representations such as TPACK as
a computational feature space. The systematic review by Siafis et al. (2024) on recom-
mender systems for teachers between 2011 and 2023 indicates that existing proposals
have primarily relied on interaction logs or general competency frameworks, with lim-
ited exploration of structured pedagogical knowledge representations as the basis for
recommendation generation.

Unsupervised learning techniques allow for the identification of latent structures in
complex data without the need for prior labeling, making them especially useful tools
for profile analysis in educational contexts. Clustering algorithms have proven effective
in segmenting data based on similarity, facilitating the identification of patterns across
different domains (Jain, 2010; Papadogiannis et al., 2024; Wani, 2024). The quality of these
clusters has been evaluated using various metrics, such as the silhouette coefficient and
the Davies-Bouldin index, as an internal validation measure that allows for the analysis
of the coherence of the generated clusters (Chicco et al., 2025; Ikotun et al., 2025). In the
educational field, these techniques have been primarily applied to the analysis of student
data, with their application in teacher profiling based on theoretical knowledge models
remaining limited.

The reviewed literature shows notable progress in modeling teacher knowledge, devel-
oping recommendation systems, and applying machine learning techniques in education.
However, these lines of research have evolved largely independently, without proposals
that explicitly integrate them. This lack of integration limits the ability to generate recom-
mendations aligned with teachers’ pedagogical characteristics. This situation highlights the
need for approaches that articulate these components, integrating theoretical foundations
of teacher knowledge with advanced data analysis techniques to strengthen personalization
in educational contexts.
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3. Methodology
3.1. Research Design

The research adopts a quantitative system-development and offline evaluation ap-
proach, focused on the construction and assessment of a personalized EdTech recommen-
dation framework based on teacher TPACK profiles. The system-development component
involved the creation of computational representations for teacher profiles and educational
applications through clustering procedures and TPACK operationalization techniques. The
offline evaluation component assessed recommendation behavior using expert-validated
relevance annotations and internal ranking metrics, including Precision@K, Recall@K, and
Mean Average Precision. Since no real interaction logs were available, recommendation
performance was evaluated under controlled offline conditions using expert-defined rele-
vance information. The system is structured as a computational pipeline that integrates
stages of data processing, unsupervised learning, and similarity-based recommendation.
Figure 1 presents the general architecture of the proposed system, a detailed description of
which is developed in the following sections.

Phase 1 - Input Data

e B
TPACK Survey Instrument
303 teachers - 24 items - Likert 1-4
- § J
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( N
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Figure 1. Proposed architecture of the TPACK-based teacher profiling and recommendation system.

3.2. Participants and Data Collection

The teacher profiling process was developed using a sample of 303 secondary and
higher education teachers. Participants were selected through non-probability, voluntary
sampling, including active teachers involved in teaching processes. Data were collected dur-
ing the 2025-02 academic period using a self-administered online questionnaire, ensuring
participant anonymity and informed consent.

Teacher knowledge was measured using an adapted version of the TPACK instru-
ment developed by Schmid et al. (2020), which conceptualizes teacher knowledge across
six dimensions: TK, CK, PK, TPK, TCK, and PCK. The original instrument was adapted
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to align with the recommendation context and the computational representation required

for teacher profiling. Items PK5, PK6, and PCK5 were incorporated to strengthen the cov-

erage of pedagogical dimensions in technology integration contexts, while item TK4 was

excluded due to conceptual redundancies with other items in the same dimension. Table 1

presents the complete structure of the adapted instrument, including item descriptions,

sources, and adaptation status.

Table 1. Structure of the adapted TPACK instrument used in this study.

Dimension Code Item Description Source Status
PK PK1 I can adapt my teaching based on what students currently (Schmidt et al., 2009)  Original
understand or do not understand
PK2  Icanadaptmy teaching style to different learners (Schmidt et al., 2009) ~ Original
PK3 Icanuse a w1(‘:1e range of teaching approaches in a (Schmidt et al.,, 2009) Original
classroom setting
PK4  Ican assess student learning in multiple ways (Schmidt et al., 2009) ~ Original
PK5 I can design legrnlng activities according to students’ level Added Added
of understanding
PK6 Ican aild]ust pede%goglc':al. strategies when students Added Added
experience learning difficulties
CK CK1  Ihave sufficient knowledge about my teaching subject (Schmid et al., 2020)  Original
CK2 i l(;lz;pe ;se a subject-specific way of thinking in my teaching (Schmid etal, 2020)  Original
CK3 ;ll(lr);ce)xé\; the basic theories and concepts of my teaching (Schmid etal., 2020)  Original
CK4 I know the hlstory ::md development of important theories (Schmid etal, 2020)  Original
in my teaching subject
TK TK1 I keep up with important new technologies (Schmid et al., 2020)  Original
TK2  Iknow about a lot of different technologies (Schmid et al., 2020)  Original
TK3  Ihave the technical skills I need to use technology (Schmid et al., 2020)  Original
PCK PCK1 I know how to select effectlye teaching approaches to guide (Schmid et al,, 2020)  Original
student thinking and learning
PCK2 I know h,ow to develgp e.tpproprlate tasks to promote (Schmid etal., 2020)  Original
students” complex thinking
I know how to develop exercises with which students can . .
PCK3 consolidate their knowledge (Schmid et al., 2020)  Original
PCK4 I knoW how to evaluate students” performance in my (Schmid et al,, 2020)  Original
teaching subject
PCK5 I can aq]ust my teaching according to the difficulty level of (Pamuk et al, 2015)  Added
the subject matter
TPK TPK1 I can choose technologies that enhance the teaching (Schmid et al,, 2020)  Original
approaches for a lesson
TPK2 I can choose technologies that enhance students’ learning (Schmid etal., 2020)  Original
for a lesson
TPK3 I ca.n'a.dapt the use of technologies to different teaching (Schmid etal, 2020)  Original
activities
TPK4 I am thinking critically about how to use technology in my (Schmid et al,, 2020)  Original
classroom
TCK TCK1 I.know how tec'hnologlcal developments have changed the (Schmid etal, 2020) ~ Original
field of my subject
TCK2 I can ex.plam which technologies have been used in research (Schmid et al,, 2020)  Original
in my field
TCK3 I know a.bout techpologles that I can use for understanding (Schmidt et al., 2009)  Original
content in my subject
TCK4 I can use technology to present the content in different ways (Pamuk etal., 2015)  Original
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Internal consistency was assessed through Cronbach’s alpha (Cronbach, 1951), while
profile stability and recommendation validity were additionally evaluated through cluster-
ing validation metrics and expert-based annotation procedures.

k Zk, 0'2)
o= 1-— == (1)
kl( o2

where k represents the number of items on the scale, 0 corresponds to the variance of each

item, and a% represents the total variance of the sum of the items.

Internal consistency of the adapted instrument was initially assessed using Cron-
bach’s alpha. However, because internal consistency alone does not provide complete
evidence regarding instrument suitability, additional validation procedures were incorpo-
rated. These complementary analyses included clustering validation metrics (Silhouette,
Davies—Bouldin, Calinski-Harabasz), cluster stability analysis through the Adjusted Rand
Index, and expert-based agreement procedures using ICC and Fleiss” Kappa. Together,
these analyses provided complementary evidence supporting the consistency and practical
applicability of the proposed framework.

3.3. Data Processing and Feature Engineering

The representative variables for each dimension of the TPACK model were constructed
by aggregating the items associated with each construct. Each dimension was represented
by the average of its corresponding items, transforming individual responses into struc-
tured quantitative characteristics. This type of aggregation is common in the analysis of
psychometric instruments, where composite scores allow for the operational representation
of latent constructs for statistical and computational analysis (Pamuk et al., 2015). Equal
weighting was applied to all items within each dimension, consistent with standard practice
in TPACK instrument scoring, where no theoretical basis exists for assigning differential
weights to individual items (Pamuk et al., 2015; Schmid et al., 2020). Formally, the value of
each dimension X; was calculated as

1
Xg=—)_ Xg )

where X; represents the aggregate score of the dimension d, 1, corresponds to the number
of items associated with that dimension, and x,; represents the participant’s response to
item i. This procedure allows each teacher to be represented as a feature vector within
a multidimensional space, facilitating its analysis using machine learning techniques
(Bishop & Nasrabadi, 2006).

The variables were standardized using Z-score normalization to ensure compara-
bility between dimensions and prevent larger variables from dominating the similarity
calculation. The transformation is defined as

z; = Xi — | (3)

where x; represents the original value of the variable, u corresponds to the mean, and ¢ to
the standard deviation. This type of normalization is widely used in machine learning and
data analysis methods, especially in distance-based algorithms, as it allows all features to
contribute equally to the analysis. This procedure generated a standardized representation
of teacher knowledge suitable for the profiling and recommendation stages.
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3.4. Teacher Profiling and Recommendation Model

Teacher profiling was performed using unsupervised learning techniques, which allow
for the identification of latent structures in the data without requiring prior labeling (Jain,
2010). Each teacher was characterized using a vector derived from the dimensions of the
TPACK model, placing them within a multidimensional knowledge space. From these
representations, clustering algorithms were applied to identify groups of teachers with
similar knowledge patterns. This approach follows established practices in educational
data mining for identifying latent knowledge structures (Bishop & Nasrabadi, 2006).

In the first stage, hierarchical clustering was used as an exploratory technique to
analyze the clustering structure without requiring a prior definition of the number of
clusters. This method constructs a hierarchy of clusters based on the similarity between
observations, allowing the visualization of relationships between data using dendrograms
(Jain, 2010). The distance between two observations x; and x; is generally defined as

d(x;,x;) = |[xi — ;|2 (4)

where x; and x; represent the feature vectors corresponding to two teachers within the
dataset. This exploratory phase allowed us to identify initial clustering configurations and
guide the selection of an appropriate partition.

To assess the quality of the clusters, internal validation metrics widely used in cluster-
ing were employed. In particular, the Silhouette coefficient was used (Rousseeuw, 1987),

N b(i)—a(i)
s() = max(a(i), b(i)) ©

where a(i) represents the average distance between observation i and the elements of

defined as

its same cluster, while b(i) corresponds to the minimum average distance between i and
the elements of other clusters. Additionally, the Davies—Bouldin index was considered
as a complementary measure of cluster separation and compactness (Davies & Bouldin,
1979). These metrics allow for the evaluation of cluster coherence and the selection of
configurations that maximize separation between groups and minimize internal dispersion.

In the final profiling phase, the K-means algorithm was applied to obtain a defined
partition of the dataset. This algorithm seeks to minimize the internal variability of the
clusters by optimizing the sum of the squared distances between observations and their
centroids (MacQueen, 1967). The algorithm’s objective function is defined as

K

I=Y Y lxi—wml? (6)

k=1 x[eCk

where C represents the set of observations of cluster k, x; is the feature vector of observation
i, and p; corresponds to the centroid of the cluster. This algorithm is widely used in data
analysis due to its efficiency and ability to identify compact structures in multidimensional
spaces (Jain, 2010).

The number of clusters K was determined through analysis of the Silhouette coefficient
and the Davies-Bouldin index. Since these metrics did not yield a conclusive result,
the dendrogram from hierarchical clustering was also analyzed. This process yielded
differentiated teacher profiles that represent structural configurations of teacher knowledge.

The identified profiles formed the basis of the recommendation model, which links
teacher characteristics with available technological resources. To achieve this, a dataset
of technological resources was generated, and its characteristics were mapped onto the
dimensions of the TPACK model, thereby enabling its integration into this representational
space. This type of modeling is common in recommendation systems, where correspon-
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dences are established between users and resources based on structured representations
(Adomavicius & Tuzhilin, 2005).

EdTech-TPACK Mapping Procedure

The proposed framework transforms educational application metadata into a struc-
tured TPACK representation to support personalized recommendation generation. Figure 2
presents the general architecture of the proposed EdTech-TPACK pipeline, comprising
seven sequential stages: Google Play metadata extraction, enriched textual metadata inte-
gration, data preprocessing, TF-IDF text representation, rule-based feature engineering for
TPACK mapping, construction of the six-dimensional TPACK representation (TK, CK, PK,
TPK, TCK, PCK), and personalized recommendation generation through cosine matching
between teacher profiles derived from the clustering subsystem and EdTech applications.

TPACK-based EdTech App Evaluation and Recommendation Pipeline

Google Play Metadata (title, ratings,
reviews, installs, app size, Android

version, ads)

Enriched Textual Metadata (official
descriptions, educational purpose, learning
features, functional characteristics)

Data Preprocessing
(cleaning, missing value handling,
normalization, log-transformation)

l

Text Representation TF-IDF on
enriched textual metadata

:

Feature Engineering
(rule-based TPACK
mapping)

\,

6-Dimensional TPACK Representation
(TK, CK, PK, TPK, TCK, PCK)

l

_ Recommendation Engine
‘ (Profile—EdTech cosine matching)

Teacher TPACK Profiles
(derived from clustering subsystem)

Personalized EdTech
Recommendations based on

teacher profiles

Figure 2. TPACK-based EdTech App Evaluation and Recommendation Pipeline.

Application metadata were extracted using the google-play-scraper library (Jo,
2021), which provides programmatic access to official Google Play information, including
title, ratings, reviews, installation counts, application size, Android compatibility, and ad-
vertising indicators. To enrich the semantic representation, official application descriptions
and functional characteristics were additionally incorporated, including educational pur-
poses, learning functionalities, and descriptive information available in application profiles.
The collected information underwent preprocessing through data cleaning, missing-value
handling, normalization, and logarithmic transformation. Since variables such as instal-
lation counts and review counts exhibit highly skewed distributions, logarithmic scaling
was applied to reduce variance and improve comparability among applications. Tex-
tual representations were generated using TF-IDF vectorization applied to the enriched
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textual metadata, transforming educational descriptions into quantifiable semantic rep-
resentations. Subsequently, a rule-based feature engineering procedure was employed to
operationalize the six dimensions of the TPACK framework: Technological Knowledge
(TK), Content Knowledge (CK), Pedagogical Knowledge (PK), Technological Pedagogical
Knowledge (TPK), Technological Content Knowledge (TCK), and Pedagogical Content
Knowledge (PCK). Table 2 defines the explicit operationalization rules used to map appli-
cation metadata into each TPACK dimension, providing methodological transparency to
the representation process.

Table 2. Rule-based rubric for EdTech-TPACK operationalization.

Dimension Indicators Operationalization
TK App size, update recency, Android Average of normalized
compatibility technological indicators
TF-IDF representation from official
CK descriptions and educational Semantic content relevance score
metadata
PK Ratings, engagement indicators, Pedagogical proxy score based on
advertisements penalty quality and interaction indicators
TPK TK, PK, review indicators Interaction bgtweep techpologlcal
and pedagogical dimensions
TCK TK, CK Interaction bereen.technologlcal
and content dimensions
PCK PK, CK Interaction between pedagogical

and content dimensions

The operationalization of TPACK dimensions was performed through normalized
indicators derived from the available metadata. The base dimensions TK, CK, and PK were
operationalized from direct indicators extracted from each application’s metadata, while
the intersectional dimensions TPK, TCK, and PCK were computed as combinations of the
base dimensions, following the TPACK framework conceptualization that defines these
dimensions as the integration of fundamental knowledge domains (Mishra & Koehler,
2006). It should be noted that the indicators employed in this operationalization—such
as ratings, engagement indicators, advertisement penalties, update recency, and applica-
tion size—constitute metadata-derived proxy indicators rather than direct measures of
pedagogical quality. These features serve as functional approximations within the TPACK
representational space, and their interpretation should be understood accordingly.

_ Sizescore + Updaterecency + androidcompativitity

K = 3 7)
CK = normalized(TF-IDFsepantic score) (8)

PK — ratingscore + e:;gagementswre _ adspena”y ©)
TPK — TK + PK 4; revieWscore (10)

TCK = w (11)

PCK = w (12)
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The six-dimensional TPACK representation of each application is therefore defined as
= [TK,CK, PK, TPK, TCK, PCK], constituting the feature space used for reccommendation
generation. Personalized recommendations were generated through cosine similarity
between teacher TPACK profiles and EdTech application TPACK vectors, defined as

Pt
1pil {l71

where p; represents the vector of the teacher profile and r; the technological resource vec-

sim(pl-, 1’]) (13)

tor. For each teacher profile, similarity was computed with respect to each application
in the catalog, and a Top-K selection mechanism was applied to identify the most rele-
vant resources and generate personalized recommendations aligned with the teacher’s
pedagogical characteristics.

3.5. Evaluation System

The evaluation of the proposed system was designed considering multiple dimensions
related to the quality, consistency, and generalizability of the recommendations. This
strategy incorporates metrics of accuracy and structural alignment to evaluate both the
precision of the recommendations and their alignment with user characteristics, since both
aspects directly influence the system’s usefulness in real-world scenarios (Adomavicius &
Tuzhilin, 2005). In this regard, the adopted strategy integrates standard ranking metrics
along with additional indicators focused on analyzing the system’s overall performance.

To provide a pedagogically meaningful relevance reference for offline evaluation,
an expert-based annotation protocol was implemented, following established practices
in offline evaluation of recommendation systems when real interaction data are unavail-
able (Zangerle & Bauer, 2023). A panel of three evaluators independently assessed the
relevance of the EdTech tools for each of the four identified teacher profiles (CO, C1, C2,
and C3), using a five-point Likert scale (1 = not relevant, 5 = highly relevant). The instru-
ment was organized into five sections: the first collected general information about the
participants; sections two through five presented the 30 tools grouped by profile. The
30 tools represented six functional categories: general learning platforms, online courses
and professional development, language learning, LMS and classroom support, STEM
education, and academic support. Inter-rater agreement was quantified using Fleiss” Kappa
and the Intraclass Correlation Coefficient (ICC). Ratings were binarized using a predefined
threshold (>4.0), classifying each tool as relevant or not relevant for each profile, thus
constituting the reference ground truth.

Since relevance evaluations were conducted at the profile level, annotations were
propagated to individual teachers according to their cluster assignment. Each teacher
inherited the relevance set corresponding to the profile assigned during the clustering
stage. This procedure is consistent with the architecture of the proposed system, in which
recommendations are generated from aggregated teacher knowledge representations and
subsequently applied at the individual level. In this way, the offline evaluation operates
over the 303 teachers individually, preserving the correspondence between the model
structure and the evaluation process.

The system’s ability to retrieve and prioritize relevant resources was evaluated using
metrics widely used in recommendation systems. Recall@K was used to measure the
proportion of relevant items retrieved within the first K ranking positions, defined as

|Rel N Reck|

Recall@K =
ecall@ IRel|

(14)
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where Rel represents the set of relevant resources and Recg the set of K recommended
resources. Additionally, the MAP metric was used to evaluate the overall quality of the or-
dering of relevant resources within the generated ranking, considering the relative position
of the relevant elements (Zangerle & Bauer, 2023). The Structural Alignment Index (SAI)
was used as an internal alignment indicator to assess the degree of correspondence be-
tween teacher TPACK profiles and the TPACK representation of recommended applications.
Because both the recommendation mechanism and the alignment computation operate
within the same TPACK feature space, this metric should not be interpreted as independent
evidence of recommendation effectiveness, but rather as an internal consistency indicator
describing how closely recommended resources match the theoretical structure of teacher
profiles. The SAl is defined as

pi-7j

SAl(p;, 7)) = ————
(Pirri) = ol

(15)
where p; represents the vector of the teacher profile and r; the vector of the technological
resource.

To analyze the system’s robustness, additional metrics related to its overall behavior
were incorporated. Ranking stability (Ranking Stability Coefficient, RSC) was assessed by
measuring the average variation in the position of recommended items in response to con-
trolled disturbances in the input profiles. Catalog coverage was defined as the proportion
of unique recommended resources relative to the total number of available resources:

N

|Items|

Coverage = (16)

Additionally, the dispersion of the TPACK space of the recommended resources was
analyzed using the variance in the feature space, with the purpose of evaluating the
structural diversity of the generated recommendations:

z

Var(X) = 5 Y- — ) a7

I
—

Two baseline models were implemented: one based on direct cosine similarity, which
generates recommendations without structural profiling processes, and a random baseline
as a lower reference. The performance of the proposed model was compared with both
approaches by measuring the relative improvement in terms of the Precision@K metric,
defined as

Improvement@K = Precision,oqel@K — Precisionyaseline@K (18)

The direct cosine similarity baseline was implemented using the same TPACK feature
space employed by the proposed system. Unlike the profile-based approach, the baseline
computed similarity directly between individual teacher vectors and EdTech tool represen-
tations, without profile abstraction. To ensure fair comparison, teacher-level relevance sets
were generated by propagating profile-level expert annotations to all teachers belonging
to the corresponding cluster, ensuring that both models were evaluated under the same
granularity conditions. This design ensured that performance differences originated from
the recommendation mechanism rather than from differences in annotation granularity.

3.6. Proposed System

The proposed system aims to identify structural profiles of teacher knowledge and
generate personalized EdTech tool recommendations based on these profiles. The sys-
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tem integrates three main components: measurement of teacher knowledge using the
TPACK model, unsupervised learning techniques for teacher profiling (Bishop & Nasrabadi,
2006; Jain, 2010), and a similarity-based recommendation mechanism for selecting tech-
nological resources (Adomavicius & Tuzhilin, 2005). The overall system architecture
is presented in Figure 1, which illustrates the complete flow from data acquisition to
recommendation generation.

The system is implemented as an analytical pipeline that transforms data derived
from the TPACK instrument into personalized technology recommendations. The process
begins with the acquisition of data from the questionnaire administered to teachers, from
which vector representations of teacher knowledge are constructed. These representations
undergo cleaning, normalization, and psychometric validation procedures to ensure the
quality and comparability of the variables before computational analysis (Pamuk et al.,
2015). Unsupervised learning techniques are then applied to these representations to
identify structural profiles of teacher knowledge. These profiles serve as the basis for a
cosine similarity-based recommendation mechanism that generates a ranking of EdTech
tools aligned with the pedagogical characteristics of each teacher profile.

4. Results
4.1. Instrument Reliability, Data Quality and Descriptive Statistics

The results presented in this section correspond to the validation of the measurement
instrument and the descriptive analysis of the teacher dataset, both of which constitute
the empirical basis of the proposed system. The integrity verification confirmed that all
responses corresponded to valid values within the range defined for the Likert scale used
(1-4), with no missing values, incomplete records, or outliers. This validation process was
carried out systematically on all collected records, examining both the completeness of
the responses and the consistency of the values recorded for each item of the instrument.
No record presented inconsistencies that could compromise the quality of the subsequent
analysis; therefore, the dataset retained all the original observations.

The results of the internal consistency analysis show adequate levels of reliability
across all dimensions of the model. The TK dimension registered an « value of 0.712,
indicating an acceptable level of consistency among its items, while CK obtained a« = 0.841,
demonstrating high internal consistency. The PK and PCK dimensions reached the highest
values with & = 0.923, reflecting high coherence among the items that comprise these
constructs. TCK obtained & = 0.874, and TPK registered & = 0.801, both within ranges con-
sidered adequate for psychometric instruments of this type. These values support the use of
these dimensions as representative variables of teacher knowledge in subsequent analyses.

The descriptive statistics for the six dimensions are presented in Table 3. The means
for all dimensions ranged from 2.548 to 2.655, reflecting moderate levels of self-perceived
teacher knowledge among the participants. The TK dimension had the highest mean
(M = 2.655, SD = 0.519), followed by PK (M = 2.604, SD = 0.544) and PCK (M = 2.585,
SD = 0.503). The CK dimension had the lowest mean (M = 2.548, SD = 0.517), although
the differences between dimensions were small, suggesting a homogeneous distribution of
teacher perceptions in the model.

Analysis of data distribution reveals moderate dispersion across all dimensions. The
25th percentile ranges from 2.0 to 2.333, indicating that a quarter of the teachers report low
levels on the scale. Medians range from 2.500 to 2.800, reflecting a central tendency close to
the midpoint of the scale. The 75th percentile reaches 3.0 in all dimensions, suggesting that
a quarter of the participants report relatively high levels of perceived teacher knowledge.
Maximum values reach 4.0 in most dimensions, except for PCK (3.800) and TCK (3.500),
indicating that these dimensions have a slightly lower ceiling in the analyzed sample.
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Table 3. Descriptive statistics of the dimensions of the TPACK model.

Statistic TK CK PK PCK TCK TPK
Count 303 303 303 303 303 303

Mean 2.655 2.548 2.604 2.585 2.580 2.556
Std. Dev. 0.519 0.517 0.544 0.503 0.545 0.515
Min 1.667 1.000 1.167 1.200 1.000 1.000
25th Percentile 2.333 2.250 2.167 2.000 2.125 2.000
Median (50%) 2.667 2.500 2.667 2.800 2.750 2.500
75th Percentile 3.000 3.000 3.000 3.000 3.000 3.000
Max 4.000 4.000 4.000 3.800 3.500 4.000

The observed distribution suggests that the sample exhibits sufficient structural vari-
ability to support subsequent clustering analysis. The absence of extreme concentrations
in response values and the comparable dispersion across dimensions indicate that the
participating teachers represent a broad spectrum of TPACK knowledge configurations, a
necessary condition for the clustering process to identify structurally differentiated profiles.

4.2. Teacher Profile Identification

The hierarchical analysis of the multidimensional space defined by the TPACK di-
mensions allowed for the exploration of the clustering structure of the teacher dataset.
Figure 3 presents the resulting dendrogram, which visualizes the relative proximity be-
tween teachers based on their knowledge configurations in the feature space, allowing for
the identification of similarity levels between observations and the detection of clustering
structures without imposing prior restrictions on the dataset’s structure.

Dendrogram of Teacher TPACK Profiles

Distance
o
S

Teachers

Figure 3. Dendrogram of hierarchical grouping of TPACK teacher profiles.

The dendrogram reveals the formation of two main macro-groups, evidenced by a
clear separation at the upper levels of the hierarchy, with an approximate merging distance
of 37. This initial partitioning differentiates teachers with relatively elevated levels of
TPACK knowledge integration from those with more limited levels of articulation between
their technological, pedagogical, and disciplinary dimensions. Each macro-group contains
internal subdivisions that merge at smaller distances, indicating that the dataset does
not present a homogeneous structure but rather multiple differentiated configurations of
teacher knowledge. The presence of these differences in merging heights suggests that
the variability among teachers is not reducible to a binary distinction but rather reflects a
continuum of pedagogical and technological configurations within the analyzed sample.

Detailed analysis of the dendrogram reveals four well-defined clusters before the
final merging of the main branches, each grouping teachers with similar patterns across
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the TPACK dimensions. This structure indicates that a segmentation based solely on
two groups would be too general to represent the diversity of configurations present in
the dataset. Identifying four clusters allows for a more accurate capture of the observed
variations among teacher profiles, balancing the granularity of the segmentation with the
interpretability of the resulting groups. This finding guided the selection of the K value
in the partitioning clustering stage, establishing an empirical reference for subsequent
quantitative evaluation.

To quantitatively evaluate these configurations, different K values were analyzed
using internal validation metrics, the results of which are presented in Table 4. The K
value of 2 obtained the highest Silhouette Score (0.363) and the highest Calinski-Harabasz
index (192.252), with the lowest Davies—Bouldin index (1.103), indicating a strong overall
separation between the two large groups. However, this solution only captures the most
general division of the dataset and does not represent the internal subdivision observed
in the dendrogram, which limits its ability to describe the diversity of teacher knowledge
configurations present in the sample.

Table 4. Clustering validation metrics for different values of K (Ward method).

K Silhouette Davies—-Bouldin Calinski—-Harabasz
2 0.363 1.103 192.252
3 0.256 1.495 139.282
4 0.249 1.475 118.278
5 0.278 1.333 109.689
6 0.304 1.171 108.064
7 0.305 1.197 106.327

To complement internal validation metrics, a cluster stability analysis was performed
through repeated resampling procedures. Multiple bootstrap samples were generated and
clustering consistency was quantified using the Adjusted Rand Index (ARI). The results are
presented in Table 5.

Table 5. Cluster stability analysis using the Adjusted Rand Index (ARI) across bootstrap samples.

K ARI Mean ARI Std
2 1.000 0.000
3 0.878 0.080
4 0.699 0.145
5 0.671 0.123
6 0.712 0.128

As expected, K = 2 exhibited the highest stability (ARI = 1.000, SD = 0.000), given
that it represents a very coarse partition separating broad teacher groups. K = 4 produced
acceptable stability values (ARI = 0.699, SD = 0.145), maintaining reasonable consistency
while preserving a richer internal structure and pedagogically interpretable profile distinc-
tions. For higher values of K, stability does not show substantial improvements, reinforcing
that increasing the number of clusters does not contribute greater structural coherence.

The selection of K = 4 for the final segmentation of teacher profiles was not based
on statistical superiority over K = 2, but rather on a theoretically interpretable and peda-
gogically useful compromise. Although K = 2 achieved the strongest internal validation
metrics and perfect cluster stability (ARI = 1.000), inspection of the hierarchical dendro-
gram showed that this solution represented only the broadest separation of the teacher
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population into two macro-groups. A second hierarchical level revealed a clear subdivision
of these groups into four coherent substructures.

The K = 4 solution aligned with this natural hierarchical organization, preserving
additional heterogeneity in teacher knowledge configurations while maintaining acceptable
stability (ARI = 0.699). Furthermore, the four identified profiles correspond to theoretically
meaningful configurations within the TPACK framework: a profile with high integration
across all dimensions (C0), a profile with incipient development across all dimensions (C1),
a technologically oriented profile (C2), and a pedagogically oriented profile (C3), reflecting
the differentiated combinations of technological, pedagogical, and content knowledge
described in the literature (Mishra & Koehler, 2006). In contrast, K = 3 produced an inter-
mediate partition that did not fully follow the observed hierarchical structure and offered
less conceptual interpretability for profile construction. Therefore, K = 4 was selected not
because it maximized a single clustering metric, but because it balanced statistical quality,
stability, hierarchical structure, and pedagogical usefulness for recommendation purposes.

Figure 4 presents the heat map of the centroid values of each cluster across the six
TPACK dimensions, facilitating comparison between profiles. Cluster CO exhibits the
highest values in all dimensions, with scores above 2.9 in TK (3.114), PK (3.141), and CK
(3.028), characterizing it as a profile with high integration of the TPACK model. Cluster
C1 exhibits the lowest values in all dimensions, with scores below 2.2 in all constructs,
corresponding to a profile with reduced levels of integration between technology, pedagogy,
and subject-matter content. The distance between these two extreme clusters demonstrates
that the sample encompasses a wide range of teacher knowledge configurations, from
highly integrated profiles to profiles with incipient development in all dimensions of
the model.

Teacher Profiles Based on TPACK Dimensions

o - 3.114 3.026 3.141 3.028 2.944 2.929 -3.0

Cluster
TPACK Score

i i |
TK CK PK PCK TCK TPK
TPACK Dimension

Figure 4. Heat map of centroid values per cluster in the dimensions of the TPACK model.

Cluster C2 shows intermediate values with a more pronounced technological orien-
tation, evidenced by high scores in TK (2.856), TCK (2.887), and TPK (2.750), suggesting
teachers with greater proficiency in integrating digital tools into their pedagogical practices.
Cluster C3 presents a differentiated pedagogical orientation, with high scores in PK (2.660)
and PCK (2.654) in contrast to lower scores in TK (2.111) and TCK (2.031), reflecting a
profile with strengths in pedagogical strategies but less technological integration. These
four structurally distinct profiles form the basis of the recommendation model, since each
identified configuration of teacher knowledge guides the selection of EdTech tools aligned
with their specific pedagogical and technological characteristics.
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4.3. EdTech Dataset Analysis

The EdTech tools dataset used by the recommendation system was built from a
public dataset that compiles statistics on educational applications available on the Google
Play Store (Sharma, 2023). Eighty educational tools were selected from this repository,
each characterized by six variables corresponding to the TK, CK, PK, TPK, TCK, and
PCK dimensions of the TPACK model. This representation allows the EdTech tools to be
integrated within the same feature space used for teacher profiling, enabling the calculation
of similarity between both types of entities.

Table 6 presents a set of representative records from the final dataset. Each row
corresponds to an individual EdTech tool, and each column reflects the relative degree to
which that tool is associated with a specific dimension of the TPACK model. The observed
values show that educational tools exhibit heterogeneous configurations within the feature
space, indicating that the applications are not uniformly distributed in terms of their
pedagogical and technological properties. This variability is particularly relevant to the
recommendation system, as it enables the identification of tools with distinct functional
profiles that can address diverse types of teaching needs. The complete feature matrix
for all 80 EdTech tools, including scores across all six TPACK dimensions, is provided as
Supplementary Material (Table S1).

Table 6. Representative sample of the EdTech dataset with scores per TPACK dimension.

Title TK CK PK TPK TCK PCK
BYJU’S—The Learning App 0576 0540 0.852 0.648 0.558  0.696
Duolingo: Language Lessons 0587 0382 0907 0831 0484 0.644
IIT JEE, NEET, NCERT Solutions  0.406 0540  0.828  0.555  0.473  0.684
Unacademy Learner App 0587 0515 0757 0.601 0551 0.636

The differences in feature vectors demonstrate that EdTech tools exhibit heterogeneous
functional configurations within the constructed representation space, covering a broad
spectrum of pedagogical and technological orientations across dimensions such as PK and
TPK. This structural diversity allows the recommendation system to identify tools that
precisely match the different teacher profiles identified through the clustering process,
establishing the necessary correspondence between teacher knowledge configurations and
the pedagogical and technological characteristics of the available educational resources.

4.4. Recommendation Performance

The performance of the recommendation system was evaluated using a set of metrics
that examine both the structural alignment between teacher profiles and EdTech tools and
the model’s ability to retrieve and prioritize relevant resources within the generated ranking.
Expert-based relevance annotations provided a structured offline evaluation reference for
comparing recommendation approaches. The results are organized into three levels of
analysis: structural alignment using the SAI, ranking accuracy using Recall@K and MAP,
and comparison with baseline models using Precision@K. Results should be interpreted as
performance under expert-defined relevance conditions.

Expert ground truth validation yielded a Fleiss” Kappa of x = 0.641, indicating
substantial agreement among evaluators (Landis & Koch, 1977). Intraclass correlation
coefficients confirmed high absolute consistency: ICC(1, 1) = 0.866 (95% CI [0.82, 0.90],
F =20.41, p < 0.001) and ICC(1, k) = 0.951 (95% CI [0.93, 0.96]). Of the 120 profile-tool
combinations evaluated, 77 were classified as relevant (64.2%) and 43 as not relevant
(35.8%), with 21 relevant tools for CO, 14 for C1, 23 for C2, and 19 for C3.

https:/ /doi.org/10.3390/educscil6060950


https://doi.org/10.3390/educsci16060950

Educ. Sci. 2026, 16, 950

17 of 23

The Structural Alignment Index (SAI) was computed as an internal consistency indica-
tor to assess the degree of correspondence between teacher TPACK profiles and the TPACK
representation of recommended applications. The SAI value obtained was 0.998, indicating
strong internal alignment between teacher profiles and recommended educational tools
within the shared TPACK feature space. Figure 5 illustrates this relationship using a radar
chart that compares the TPACK profile of a representative teacher with the average of the
five tools recommended by the system. The observed pattern shows that the PK and CK
dimensions have the highest values in the teacher profile, a pattern that is consistently
reproduced in the average of the recommended tools. The TK and TCK dimensions show
intermediate levels in both profiles, while TPK has the lowest value for both the teacher
and the suggested tools, demonstrating that the system preserves the relative proportions
between dimensions when generating recommendations.

Teacher

SAI: Teacher Profile vs Top-5 Average
Top-5 Average

K CK
0,920

1.0
0.8

TPK 0800 0.710 TK

0.870

0.920
TCK PCK

Figure 5. Comparison of the TPACK profile of a representative teacher with the average of the
five recommended EdTech tools (SAI = 0.998).

The results for Recall@K and MAP show values of Recall@3 = 0.455, Recall@5 = 0.638,
and Recall@10 = 0.805, while MAP reaches 0.777. The Recall@10 value indicates that the sys-
tem retrieves more than 80% of the relevant resources within the top ten recommendations
under the evaluated conditions. The MAP value reflects that relevant resources not only
appear within the ranking but also tend to be positioned higher, indicating that the model
maintains a consistent ordering of the most suitable resources for each teacher profile.

Figure 6 presents the comparison between the proposed model and the cosine baseline
using Precision@K, along with the relative improvement across values of K. The proposed
model outperforms the cosine baseline at all evaluated values, with Precision@K values
between 0.416 and 0.512 compared to cosine baseline values between 0.076 and 0.275.
The relative improvement reaches its maximum at K = 1 with Improvement@1 = 0.340,
followed by K = 3 with 0.250, K = 10 with 0.198, and K = 5 with 0.186. These results
suggest that the clustering profiling process contributes to the system’s performance under
expert-defined relevance conditions, with consistent improvements over direct cosine
similarity without prior structural profiling across all evaluated K values.

https:/ /doi.org/10.3390/educscil6060950


https://doi.org/10.3390/educsci16060950

Educ. Sci. 2026, 16, 950

18 of 23

Model vs Cosine Baseline Improvement Over Baseline
0512 0.35 0.340

0.5
0.461
0.443 0.30
0.41
0.250

0.20 0.186

=)
IS
o
)
o

0.198

0.275

o
o

0.262 =
0245

Precision@K
1)
w
Precision Improvement

=)
)

=3

=)

o
o
&

~&— Proposed Model
~# - Cosine Baseline

0076
1 3 5 10 0.00 1 3 5 10

K K

0.1

Figure 6. Comparison of Precision@K between the proposed model and the cosine baseline, and
Improvement@K of the proposed model over the cosine baseline.

4.5. Recommendation Behavior Analysis

The analysis of the system’s overall behavior examines indicators that complement
the ranking’s accuracy metrics. These indicators are designed to assess model stability, the
exploration of the educational tool catalog, and the structural dispersion of the TPACK
feature space. They allow for an examination of the consistency of the recommendations
generated across different teacher profiles and the structural variability of the dataset used
by the model.

System stability was assessed using Top-5 similarity scores calculated on the four
centroids of identified teacher profiles. The results show an average similarity value of
0.927, with variations among profiles reflecting differences in the knowledge structure of
each cluster. Cluster C0, corresponding to the high-integration TPACK profile, obtained the
highest similarity (0.994), while C3 registered the lowest value (0.872), followed by C1 (0.896)
and C2 (0.944). This pattern indicates that the system generates recommendations with
greater structural accuracy for profiles with more developed knowledge configurations, a
behavior consistent with the distribution of the TPACK feature space.

The catalog coverage shows that 37% of the 80 available applications were recom-
mended at least once during the evaluation process, corresponding to approximately
30 different tools. This result indicates that the model does not concentrate its recommen-
dations on a small subset of resources but rather explores a relevant portion of the available
catalog. Moderate coverage is desirable in educational recommendation systems, as it
allows for a balance between the relevance of the recommendations and the diversity of
suggested tools, avoiding the recurring recommendation of a limited set of resources.

Figure 7 presents the average Top-5 similarity by teaching cluster. CO notably exceeds
the system average (0.927), demonstrating that profiles with high TPACK integration receive
structurally more aligned recommendations. C2 is slightly above the average at 0.944, while
C1 and C3 are below, with values of 0.896 and 0.872, respectively. This variability between
clusters suggests that the system’s ability to generate accurate recommendations is partially
conditioned by the level of TPACK integration of the evaluated teaching profile.

The dispersion of the feature space was analyzed using the variance values for each
dimension, presented in Figure 8. The PK dimension exhibits the highest level of variability
(variance = 0.103), indicating that pedagogical differences between tools constitute the main
differentiating factor within the EdTech catalog. The TK and TCK dimensions show lower
variance levels, reflecting less dispersion in the technological characteristics of the catalog.
The aggregate measure, Global Space Variance, reached a value of 0.042, suggesting that
the structural variability of the dataset remains within a moderate range that allows for
the identification of consistent correspondences between teacher profiles and EdTech tools
without compromising the discriminative capacity of the model.
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Figure 7. Top-5 average cosine similarity by teaching cluster, evaluated on the centroids of the four
identified profiles. The dashed line indicates the overall mean (0.927).
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Figure 8. Variance per TPACK dimension in the feature space of the EdTech dataset.

5. Discussion

The results of the clustering process reveal the existence of four structurally distinct
teacher profiles within the knowledge space defined by the TPACK model, suggesting that
teachers’ technological, pedagogical, and subject-matter knowledge is not homogeneously
distributed but rather organized into latent configurations with specific integration patterns.
Cluster CO presents the highest values in all dimensions, especially in TK (3.114), PK
(3.141), and CK (3.028), characterizing a teacher profile with high integration of subject-
matter, pedagogical, and technological knowledge. This type of configuration reflects
a consolidated capacity to incorporate digital technologies into pedagogical strategies
consistent with learning objectives, a characteristic identified in the literature as a key
indicator of effective technological integration (Chai et al., 2013; Mishra & Koehler, 2006).

Cluster C1 groups teachers with the lowest scores across all dimensions, below 2.2,
suggesting profiles in the initial stages of TPACK competency development or with sporadic
use of digital tools in their teaching processes. The intermediate clusters present specific
configurations of teacher knowledge that reflect differentiated orientations. C2 shows
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high values in TK (2.856), TCK (2.887), and TPK (2.750), suggesting a profile with greater
proficiency in integrating digital tools into the teaching process of the subject matter.
C3 shows higher values in PK (2.660) and PCK (2.654) with less development in the
technological dimensions, reflecting a stronger pedagogical orientation in the design of
teaching strategies related to the subject matter. These results are consistent with the
use of unsupervised learning techniques as a useful strategy for identifying structural
patterns in multidimensional educational data (Bishop & Nasrabadi, 2006; Jain, 2010).
The differentiated profile structure identified here aligns with findings reported in prior
TPACK profiling studies: Li and Bai (2025) identified analogous configurations in early
childhood education teachers using multilevel latent profile analysis, while Jin and Schmidt-
Crawford (2022) observed similar technologically- and pedagogically-oriented clusters
among preservice teachers in an EdTech course, suggesting that these structural patterns
may reflect stable configurations of teacher knowledge across different educational levels
and contexts.

The results of the recommendation system indicate that incorporating TPACK-based
teacher profiles improves the model’s ability to identify relevant EdTech resources under
expert-defined relevance conditions. Comparison with the baselines shows that the pro-
posed model outperforms all evaluated configurations, particularly in the top rankings.
The system achieves Precision@3 = 0.512 compared to 0.262 for the cosine baseline, suggest-
ing that the clustering profiling process contributes structurally beyond what is obtained
through direct cosine similarity without prior profiling. The performance gap between both
approaches is consistent with the profile abstraction mechanism underlying the proposed
model: by operating on cluster centroids rather than individual teacher vectors, the system
reduces response-level variability and produces more stable TPACK representations, which
in turn improve alignment with the expert-annotated relevance sets.

These results align with recent research highlighting the potential of Al-based recom-
mendation systems to support personalized teacher professional development (Siafis et al.,
2024; Zangana et al., 2026). Incorporating structural representations of teacher knowledge
within the recommendation model suggests that the TPACK framework may serve as
a useful foundation for building context-specific systems, supporting more principled
integration of digital tools into instructional contexts.

From an applied perspective, the system has potential implications for academic
management and curriculum planning. At the institutional level, it can be used as a
support tool for academic leaders in identifying appropriate EdTech tools for specific
training programs, facilitating the systematic integration of educational technologies within
academic syllabi. At the individual level, the system can serve as a pedagogical support
mechanism for teachers, allowing them to identify technological tools aligned with their
knowledge profile and the specific needs of their teaching practice.

The system has limitations that must be considered when interpreting the results. The
EdTech tool catalog is based on applications available on the Google Play Store, which re-
stricts the representation of other digital resources used in formal educational settings, such
as institutional learning platforms or educational management systems. The evaluation was
conducted using an expert-validated ground truth, which, while providing pedagogically
meaningful relevance judgments, represents offline conditions that may not fully capture
real-world teacher interaction patterns with EdTech tools. Furthermore, the expert ground
truth was defined at the profile level and subsequently propagated to individual teachers
according to their cluster assignment. Since the proposed model also operates on aggre-
gated profile representations, this structural correspondence may favor its performance
relative to the individual-level direct cosine baseline. This condition does not invalidate the
comparative analysis, but should be considered when interpreting performance differences
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between the two approaches. Additionally, the TPACK representation of EdTech tools was
constructed from metadata-derived proxy indicators, meaning that aspects such as actual
pedagogical quality are not directly captured but rather approximated within the model’s
representational space.

6. Conclusions

The structural analysis of teachers” knowledge using the TPACK model identified
four distinct profiles that reflect specific configurations of integration between technologi-
cal, pedagogical, and disciplinary knowledge. The presence of clusters with asymmetrical
distributions across their dimensions suggests that teachers” knowledge is not organized
homogeneously but rather adopts identifiable structural patterns within the TPACK frame-
work. The application of unsupervised learning techniques showed consistent results as a
useful strategy for capturing this heterogeneity, providing an empirical basis for segmenting
teachers according to their pedagogical and technological competencies.

The recommendation system developed showed that incorporating TPACK-based
teacher profiles improves the model’s ability to identify relevant EdTech tools under expert-
defined relevance conditions. The results suggest that the clustering profiling process
contributes structurally to the system’s performance, with consistent improvements over
the cosine baseline across all analyzed K values. The Recall@10 and MAP values obtained
suggest that the system retrieves a high proportion of relevant resources and tends to rank
them in higher positions under the evaluated conditions.

The system’s behavior analysis reveals that the recommendations generated maintain
a differentiated structural consistency across profiles, with variations between clusters
reflecting that the system generates more accurate recommendations for profiles with a
higher level of TPACK integration. The 37% coverage of the available catalog indicates that
the model balances relevance and diversity in the generated recommendations, avoiding
concentration on a small subset of resources.

Operationalizing the TPACK framework as a computational feature space allows for
establishing correspondence between teacher profiles and EdTech resources that incorporate
the pedagogical and technological dimensions of teacher knowledge as a central element
of the recommendation process. As a line of future work, validating the system in real-
world institutional implementation scenarios, expanding the catalog to learning platforms
with broader coverage, exploring advanced representation techniques such as semantic
embeddings or neural collaborative filtering, and conducting controlled implementation
studies comparing teacher groups with and without system-guided recommendations to
assess whether profile-based EdTech selection translates into measurable improvements in
student outcomes, will collectively strengthen the generalizability and pedagogical validity
of the results obtained.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/educscil6060950/s1, Table S1: Complete EdTech-TPACK Feature
Matrix (80 Educational Applications).
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