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Affective support from teachers—such as academic expectations, 

attention and care, and constructive feedback—plays a critical role in 

students’ learning outcomes but is often underexplored in large-scale 

educational assessments, particularly in developing countries. This 

study examines how Indonesian elementary students perceive 

teacher affective support and how these perceptions relate to their 

literacy and numeracy performance. Using data from the 2023 

Indonesian National Assessment involving 214,481 fifth-grade 

students, we employed K-Means clustering to identify latent student 

profiles based on their literacy, numeracy, and self-reported 

perceptions of teacher support. Variables were normalized, and the 

optimal number of clusters was determined using the Elbow, 

Silhouette, and Davies-Bouldin methods. Five distinct student 

clusters emerged, each characterized by unique combinations of 

academic achievement and affective perceptions. High-achieving 

students consistently reported more positive perceptions of teacher 

support, particularly in terms of feedback and expectations. ANOVA 

tests confirmed significant differences (p < 0.001) across clusters in all 

affective and academic variables, with moderate to large effect sizes. 

The findings highlight the alignment between academic success and 

perceived teacher affective support. This clustering approach reveals 

nuanced student profiles that traditional methods may overlook, 

offering a data-driven foundation for differentiated teaching, teacher 

training, and policy interventions. Clustering national assessment 

data provides actionable insights for enhancing affective support in 

classrooms. The methodology is scalable and adaptable for use in 

other educational systems seeking to personalize instruction and 

promote equity. 
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1. INTRODUCTION 

Affective teacher support—encompassing academic expectations, attentiveness, care, and 

feedback—is a key yet underexamined component of learning environments, particularly within large-

scale educational assessments in developing contexts. While foundational to students' engagement and 

well-being, affective support remains poorly understood in terms of how it is perceived by diverse 

student populations. Addressing this critical gap, this study applies unsupervised clustering to data 

from Indonesia’s 2023 National Assessment, integrating students’ self-reported affective perceptions 

with their literacy and numeracy outcomes. The analysis identifies four latent perception profiles—

Balanced-Support, Low-Feedback, High-Expectation, and Negative-Perception—each reflecting 

distinct academic patterns. By bridging student voice data with advanced machine learning methods, 

the study introduces a novel framework to surface hidden affective inequities, offering practical 

insights for differentiated teaching, policy design, and the development of adaptive learning 

technologies in primary education systems. 

Elementary education serves as the foundation that not only transmits knowledge but also shapes 

character and academic competence, including the development of reading skills (Basantes-Andrade et 

al., 2023). In an increasingly dynamic global era filled with complex challenges, Elementary education 

has become a crucial arena for preparing a generation that can compete on a global scale while preserving 

its local identity (Townsend, 2011). In this national context, the role of teachers is central—not only in 

delivering instruction but also in providing emotional and academic support and serving as sources of 

inspiration through the high expectations they instill in students.  

Students generally respond positively to the additional educational support they receive, which 

offers them extra time, attention, and opportunities to discuss their issues (De Boer & Kuijper, 2021). 

Research indicates that teacher expectations mediate the relationship between students’ socioeconomic 

status and their academic achievement, potentially exacerbating individual differences (Speybroeck et 

al., 2012; Zinsser & Curby, 2014). International studies have revealed that when students receive 

positive support and high expectations from their teachers, their academic performance is optimized 

(Konold et al., 2018). Thus, understanding and optimizing the role of teachers in creating a supportive 

learning environment is key to achieving high-quality and sustainable education.  

In Indonesia, students’ perceptions of academic expectations—such as how teachers convey the 

belief in every student’s ability to succeed—and the attention and assistance teachers provide are 

critical aspects of the classroom climate. Exploring these perceptions helps identify pedagogical issues 

related to teachers, curriculum effectiveness, and student interests (Clark & Andrews, 2010). A holistic 

approach that combines psychological dimensions with academic performance measurements can 

provide a comprehensive depiction of the overall success of an education system. 

Indonesia's commitment to educational quality is reflected in the National Assessment (Asesmen 

Nasional), which evaluates schooling through three instruments: the Minimum Competency 

Assessment, the Learning Environment Survey, and the Character Survey (Ministry of Education, 

Culture, Research, and Technology of Indonesia, 2025). The Minimum Competency Assessment focuses 

on foundational competencies in literacy and numeracy, while the Learning Environment Survey 

assesses classroom and institutional factors, including teacher-student interactions and the emotional 

climate of learning environments. 

Specifically, teacher affective support in the National Assessment context is defined as fulfilling 

students’ psychological needs—competence, autonomy, and belongingness—within the classroom 

community (Ryan & Deci, 2000). Students’ self-confidence and motivation are enhanced when teachers 

communicate high expectations (Praetorius et al., 2018). They also feel empowered when teachers 

provide individualized care and constructive feedback that guides their academic improvement. These 

affective aspects are measured based on students' perceptions, highlighting the importance of 

examining students’ patterns of perception, especially in relation to their literacy and numeracy 

achievement levels. 
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This is particularly crucial given that literacy and numeracy serve as key indicators of foundational 

learning in Indonesia’s national education agenda. They are strong predictors of long-term success and 

are evaluated through both national assessments and international frameworks such as PISA, which 

prioritize real-life application of skills contexts (De Bortoli et al., 2023; Hopfenbeck et al., 2018; Kovas et 

al., 2013). 

Recent Indonesian studies have attempted to address aspects of this educational landscape. Fauzan 

et al. (2024) measured students’ literacy and numeracy achievements in Padang, yet did not explore 

teacher support. Anwas et al. (2022) analyzed textbook quality in relation to these skills but overlooked 

teacher expectations and emotional climate. Hidayah et al. (2024) examined national curricula 

effectiveness using teacher perspectives but did not incorporate affective support from the students’ 

viewpoint. 

On a broader scale, international research has explored related issues. Romano et al. (2021) 

investigated teacher emotional support in Italy, O’Connor et al. (2019) used regression to link learning 

outcomes with early development in Australia, Wolf & McCoy (2019) analyzed skill development 

longitudinally, and Mulcahy-Dunn et al. (2018) conducted controlled trials in Canada and Tanzania. 

However, none of these studies employed a clustering approach on student perception data linked to 

literacy and numeracy scores—particularly in a developing country context like Indonesia. To explicitly 

distinguish this study from prior literature, Table 1 summarizes the key dimensions of related works 

and highlights the novel contribution of the present research. 

Table 1. Comparison of Related Studies 

Author(s) Country Focus Methodology 

Student 

Perception

? 

Clustering 

Analysis? 

Literacy/ 

Numeracy 

Measured? 

Mulcahy-

Dunn et 

al., 2018 

Canada, 

Tanzania 

Literacy 

Interventions 

RCT, Scenario-

based Self-

report 

- - ✔ 

Wolf & 

McCoy, 

2019 

Ireland 

Executive 

Function & 

Outcomes 

Longitudinal, 

Cross-lagged 
- - ✔ 

O’Connor 

et al., 2019 
Australia 

Early 

Development & 

Learning 

Regression with 

SES controls 
- - ✔ 

Romano et 

al., 2021 
Italy 

Teacher Support 

& Engagement 

Questionnaire 

(Cross-sectional) 
✔ - - 

Anwas et 

al., 2022 
Indonesia 

Textbook 

Quality 

Content 

Analysis 
- - ✔ 

Fauzan et 

al., 2024 
Indonesia 

Literacy/ 

Numeracy 

Achievement 

Assessment 

Analysis 
- - ✔ 

Hidayah et 

al., 2024 
Indonesia 

Curriculum 

Effectiveness 

Survey of 

Teacher 

Perceptions 

- - ✔ 

This Study Indonesia 

Student 

Perception of 

Teacher 

Affective 

Support 

Clustering 

Analysis of 

National 

Assessment 

Data 

✔ ✔ ✔ 

Despite ongoing national reforms, affective disengagement persists, particularly in underserved 

areas. This study fills a critical gap by clustering students using their literacy, numeracy, and perception 

scores, aiming to uncover hidden subgroups and guide adaptive teaching. We pose three research 
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questions: (1) What are students’ perceptions of teacher affective support? (2) Can perception-based 

clusters be identified via academic achievement? (3) How do the perception patterns within each cluster 

relate to the students’ literacy and numeracy achievements? By integrating large-scale student 

perception data with unsupervised learning, this study offers new insight into Indonesia’s affective 

education landscape and supports the design of equitable, data-driven strategies. 

The research employs a quantitative approach with two complementary stages of analysis. In the first 

stage, students are clustered based on their literacy and numeracy scores from the 2023 National 

Assessment data. The K-means method was selected because it is effective for clustering numerical data 

in large samples and capable of revealing hidden patterns in academic performance (Gamazo & 

Martínez-Abad, 2020; Rahman et al., 2021; Yu et al., 2022; Zhang et al., 2024). In the second stage, a 

detailed descriptive analysis is conducted for each cluster. The results of this study are expected to serve 

as an empirical foundation for developing more adaptive learning models and for enhancing the overall 

quality of education. Consequently, this research can also serve as a reference for policymakers and 

education practitioners in optimizing the role of teachers and in designing more targeted interventions. 

2. METHODS  

2.1. Research Approach 

This study employed a quantitative, non-experimental, and descriptive design, with an exploratory 

orientation to investigate students' perception patterns regarding teacher affective support. As it involved 

no intervention or manipulation, the study focused on analyzing naturally occurring patterns within the 

dataset. Specifically, an unsupervised machine learning technique—K-Means clustering—was used to 

group students based on their literacy and numeracy scores obtained from the 2023 Indonesian National 

Assessment. This method was selected for its ability to reveal latent structures and homogenous 

subgroups in large numerical datasets, thereby enabling in-depth analysis of how students' perceptions 

of academic expectations, attention, care, and feedback vary across different achievement profiles. 

2.2. Sample and Data 

This study used secondary data from the 2023 National Assessment (Asesmen Nasional), 

administered by the Ministry of Education, Culture, Research, and Technology of Indonesia and 

published in 2024. The dataset included 430,784 fifth-grade students from public and private 

elementary schools nationwide, selected through probabilistic sampling by the Educational 

Assessment Center. Each school contributed up to 30 students, or all students if the total was fewer 

than 30, providing a nationally representative sample of Indonesian elementary students’ academic 

performance and perceptions.  

Ethical approval was not required as the dataset was anonymized, publicly available, and collected 

by the Indonesian Ministry of Education. Data were retrieved from the Educational Assessment Center 

portal (https://pusmendik.kemdikbud.go.id) on October 8, 2024, and used solely for academic 

purposes. Given the self-reported nature of responses from fifth-grade students, potential biases—

including social desirability and interpretative variability—are acknowledged. However, these are 

mitigated through the scale of the data and a focus on aggregate patterns rather than individual 

responses. 

2.3. Variables and Instruments 

The National Assessment was conducted through semi-online and fully online formats, consisting 

of three instruments: The Minimum Competency Assessment, Learning Environment Survey, and 

Character Survey. This study used data from the first two instruments only. Literacy and numeracy 

scores were obtained from the Minimum Competency Assessment, which employed adaptive testing 

tailored to each student’s ability. Literacy measured reading comprehension across text types and 

https://pusmendik.kemdikbud.go.id/
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cognitive skills, while numeracy covered mathematical domains and cognitive levels. Each assessment 

lasted 75 minutes with 30 items. Scores ranged from 0 to 100. Detailed descriptions of both variables 

are provided in Table 2. 

Table 2. Data Description of Literacy and Numeracy Variables 

Variable Conceptual Definition Operational Definition Score Range 

Literacy 

score 

(codebook: 

LIT) 

The ability to understand, evaluate, and 

use various texts to solve problems and 

contribute as informed citizens. 

Students’ average score on tasks 

involving comprehension and 

evaluation of informational and 

fictional texts. 

0-100 

Numeracy 

score 

(codebook: 

NUM) 

The ability to apply mathematical 

concepts and tools to solve real-life 

problems in relevant contexts. 

Students’ average score on tasks 

requiring the use of math 

concepts, procedures, and tools 

in daily problem-solving. 

0-100 

 

Teacher affective support was operationalized into three variables: academic expectations, teacher 

attention and care, and constructive feedback. Although the National Assessment captures both 

student and teacher perspectives, this study focuses solely on student self-reports from the Learning 

Environment Survey. Each perspective offers unique strengths, but the student view provides direct 

insight into perceived classroom experiences. Table 3 presents detailed descriptions and sample survey 

items for each construct. 

Table 3. Data Description of Teacher Affective Support Variables 

Variable Conceptual Definition Operational Definition 
Score 

Range 
Dimension 

Academic 

Expectations 

(codebook: ACH) 

Teachers believe all 

students can learn and 

succeed. 

Students’ scores 

reflecting perceived 

teacher confidence in 

their academic 

potential. 

0-100 Assigning challenging 

tasks 

Encouraging high 

achievement 

Teacher Attention 

and Care 

(codebook: TAS) 

Teachers' expressions of 

attention and care toward 

students' unique learning 

needs. 

Students’ scores 

reflecting perceived 

teacher attention and 

care. 

0-100 Providing attention 

and care 

Constructive 

Feedback 

(codebook: CAF) 

Teachers give 

constructive feedback to 

support improvement. 

Students’ scores 

reflecting perceived 

helpful and motivating 

feedback. 

0-100 Providing feedback in 

a positive manner 

Providing informative 

feedback. 

 

The survey was administered to students over a specified period, with each student's responses 

reflecting their perceived level of academic expectations, teacher attention and care, and constructive 

feedback received from teachers (see Table 4 for detailed survey item descriptions). The affective 

support variables—ACH), teacher attention and care (TAS), and constructive feedback (CAF)—were 

derived from the standardized Learning Environment Survey developed by the Educational 

Assessment Center. These variables are conceptually grounded in the Indonesian National Assessment 

Framework, which incorporates international best practices (e.g., OECD, 2018) adapted to local 

educational contexts. The original survey instrument underwent psychometric validation by the 

Ministry through a multi-phase development process involving expert review and national-scale 

piloting. In this study, reliability analysis was conducted on the 2023 dataset using Cronbach’s alpha 

for each affective dimension: academic expectations (α = 0.82), teacher attention and care (α = 0.80), and 

constructive feedback (α = 0.85), indicating high internal consistency for all constructs. 
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Table 4. Dimensions and Sample Items for Each Variable of Teacher Affective Support 

Dimension Sample Item 

Assigning challenging tasks In class, my teacher frequently gives challenging assignments. 

My teacher continuously encourages me to improve my abilities. 

Encouraging high 

achievement 

My teacher helps me when I feel like giving up on difficult tasks. 

My teacher believes that I am capable of overcoming challenges. 

Providing attention and care My teacher ignores me when I need support in my learning (negative 

indicator). 

My teacher takes extra time to re-explain things when I do not 

understand. 

Providing feedback in a 

positive manner  

My teacher provides friendly feedback or comments, even when I make 

mistakes. 

My teacher responds to my mistakes in a positive way. 

Providing informative 

feedback 

My teacher gives feedback or comments that help me understand my 

mistakes when working on tasks. 

The feedback or comments provided by my teacher in class help me 

better understand or master the lesson material. 

 

2.4. Data Preprocessing 

2.4.1. Data Cleaning 

In the data cleaning phase, the dataset was first examined for missing values, especially within the 

variables derived from the Learning Environment Survey. A substantial portion of students did not 

respond to the affective support items, resulting in incomplete records. Rather than applying 

imputation techniques, this study employed listwise deletion, excluding incomplete entries to maintain 

the accuracy of inter-variable relationships and to avoid bias introduced by artificial estimations. To 

enhance clarity and transparency, Figure 1 is provided outlining the stages of data preprocessing, 

including exclusion criteria and final sample selection.  

 

Figure 1. The stages of data cleaning. 

This approach was chosen in light of the dataset’s large initial size (430,784 entries), which ensured 

adequate statistical power even after cleaning. After removing records with missing values, the final 

dataset consisted of 214,481 complete responses. This filtered dataset was used in subsequent clustering 

and descriptive analyses. 
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2.4.2. Data Normalization 

This study applied Min-Max Normalization to standardize all variables (LIT, NUM, ACH, TAS, 

CAF) on a 0–1 scale, despite their original range already being 0–100. This method is widely used in 

clustering analysis, including K-Means clustering (Jain, 2010). Normalization ensured equal 

contribution of each variable to the K-Means clustering process by dividing each value by 100. This step 

enhanced the representativeness of student groupings based on academic scores and perceived teacher 

affective support, as shown in Table 5. 

Table 5. The Snapshot of the dataset after normalization and cleaning 

student_id LIT NUM ACH TAS CAF 

1124600-027 0,8788 0,5409 0,6491 0,793 0,6813 

1124600-045 0,7046 0,5301 0,9503 0,7775 0,6871 

1124600-054 0,8237 0,8317 0,9322 0,784 0,9861 

1124600-143 0,8611 0,5463 0,9639 0,793 0,4577 

1124600-169 0,3259 0,3567 0,7575 0,7322 0,6871 

… … … … … … 

 

2.5. Optimal Number of Clusters 

The K-Means clustering algorithm is widely used; however, it requires the predefined specification 

of the number of clusters (𝑘). Several methods have been proposed to determine the optimal value of 

𝑘. This study employs three approaches: the Elbow Method, the Silhouette Method, and the Davies-

Bouldin Index (DBI). By triangulating results from the Elbow Method (focusing on intra-cluster 

variance), the Silhouette Method (assessing cohesion and separation from an instance-level 

perspective), and the DBI (quantifying cluster distinctiveness based on centroid separation), this study 

ensures a more robust and theoretically grounded selection of the optimal number of clusters. 

2.5.1. Elbow Method 

The Elbow Method is used as an initial step to determine the optimal number of clusters by 

calculating the Within-Cluster Sum of Squares (WCSS) for varying numbers of clusters. WCSS 

calculates the total sum of squared distances between each data point and the centroid of its respective 

cluster. The objective is to minimize WCSS to achieve more homogeneous clusters. The mathematical 

formula for WCSS is (Kriegel et al., 2017): 

𝑊𝐶𝐶𝑆 =  ∑ ∑ ‖𝑥 − 𝜇𝑖‖2

𝑥∈𝑆𝑖

𝑘

𝑖=1

 (1) 

Where, 

𝑘 : The total number of clusters. 

𝑆𝑖  : The set of data points in the 𝑖-th cluster. 

𝑥 : The data vector within cluster 𝑆𝑖 . 

𝜇𝑖 : The centroid (mean) of cluster 𝑆𝑖 . 

The optimal point is identified at the "elbow," where a significant decrease occurs before reaching 

stability. The Elbow Method is a commonly used approach (Aksan et al., 2021). In several cases, the 

Elbow Method has been successfully applied to determine the optimal value of 𝑘 (Raudsepp & 

Maljutenko, 2021). 

2.5.2. Silhouette Method 

The Silhouette Method evaluates the quality of clustering results by measuring how well an object 

fits within its assigned cluster compared to other clusters (Batool & Hennig, 2020). This method 
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calculates the Silhouette Coefficient, an index ranging from -1 to 1. A Silhouette value near 1 indicates 

good clustering, near 0 suggests a boundary case, and below 0 implies possible misclassification. The 

Silhouette Coefficient is computed using the following formulas: 

𝑆(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

max {𝑎(𝑖), 𝑏(𝑖)}
 (2) 

where, 

𝑎(𝑖) : Average distance to other points in the same cluster (cohesion), 

𝑏(𝑖) : Average distance to points in the nearest neighboring cluster (separation). 

2.5.3. Davies-Bouldin Index 

This study also employed the Davies-Bouldin Index (DBI) as an additional clustering validation 

technique to enhance the robustness of cluster quality assessment. The DBI evaluates the average 

similarity between each cluster and its most similar one, considering both intra-cluster compactness 

and inter-cluster separation. A lower DBI value indicates better clustering quality, as it reflects more 

compact and well-separated clusters (Arbelaitz et al., 2013; Liu et al., 2010). The index is calculated 

using the following formula: 

𝐷𝐵 =
1

𝑘
∑ max

𝑗≠𝑖
(

𝜎𝑖 + 𝜎𝑗

𝑑(𝑐𝑖 , 𝑐𝑗)
)

𝑘

𝑖=1

 (3) 

Where: 

• 𝑘: total number of clusters, 

• 𝜎𝑖 : average distance between each point in cluster 𝑖 and its centroid 𝑐𝑖 , 

• 𝑑(𝑐𝑖 , 𝑐𝑗): Euclidean distance between centroids 𝑐𝑖  and 𝑐𝑗, 

• max
𝑗≠𝑖

: the maximum ratio of compactness to separation for cluster 𝑖 against all other clusters. 

2.6. Cluster Analysis Using K-Means Clustering 

In the cluster analysis stage, this study categorizes students based on their literacy and numeracy 

scores using the K-Means method, a widely used and effective clustering technique for identifying 

homogeneous groups within a dataset. All clustering procedures and statistical analyses in this study 

were conducted using Python 3.11 with the Scikit-learn 1.4.1 library. The K-Means algorithm was 

configured with n_init = 10, max_iter = 300, and random_state = 42 to ensure reproducibility and 

convergence stability. The pseudocode for the K-Means Clustering algorithm used in this study is 

presented in Figure 2. All computations were performed on a local machine running Windows 11 Pro 

with an Intel Core i7-1165G7 (2.80 GHz), 16 GB RAM, and 64-bit architecture, which provided sufficient 

resources for clustering, ANOVA tests, and data visualization without requiring GPU acceleration. 

Pseudocode Explanation 

1. Load Dataset: The data is retrieved from a CSV file, and the relevant features (in this case, literacy 

and numeracy scores) are extracted. 

2. Cluster Initialization: The number of clusters is determined, and centroids are randomly initialized. 

3. Iterative K-Means Process: 

a. The distance of each data point to all centroids is calculated, and each point is assigned to the 

nearest cluster. 

b. Centroids are updated by computing the mean of all points within each cluster. 

c. The process is repeated until centroids remain unchanged (converge) or the iteration limit is 

reached. 
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Figure 2. Pseudocode K-Means Clustering. 

The study analyzed each cluster descriptively by computing measures of central tendency (mean, 

median), dispersion (variance), and frequency distribution. To test for significant differences in 

students’ perceptions of teacher affective support across clusters, a one-way ANOVA was performed 

for academic expectations (ACH), teacher attention and care (TAS), and constructive feedback (CAF). 

Prior to the ANOVA, Shapiro–Wilk and Levene’s tests confirmed the assumptions of normality and 

homogeneity of variance. The analysis used Python’s scipy.stats and statsmodels libraries with a 

significance level of 0.05. Eta squared (η²) was also calculated to assess effect sizes. 

The results provided deeper insight into how students' perceptions of affective support relate to 

their literacy and numeracy achievement. Achievement levels were categorized as low, moderate, high, 

and very high to examine trends across clusters. The findings revealed consistent associations between 

higher academic performance and more favorable affective perceptions. Although K-Means clustering 

is widely recognized for its efficiency and interpretability in identifying homogeneous groups, this 

method has inherent limitations. It is sensitive to outliers, which can distort the position of centroids 

and reduce cluster stability (Jain, 2010). Additionally, the algorithm requires the predefinition of the 

number of clusters (𝑘), and its results may vary depending on the initial centroid placement due to its 

reliance on random initialization (Romanuke, 2023). To mitigate this, this study employed multiple 

runs and incorporated three methods to determine an optimal and stable cluster configuration. 

3. FINDINGS AND DISCUSSION 

3.1. The Optimal Number of Clusters in K-Means 

Determining the appropriate number of clusters is a critical step in K-Means clustering, as it 

directly influences the interpretability and effectiveness of the resulting segmentation. In this study, a 

combination of three complementary validation methods—Elbow Method, Silhouette Analysis, and 

DBI—was employed to ensure robustness and accuracy in selecting the optimal cluster number. 

The initial estimation of the optimal number of clusters was performed using the Elbow Method, 

which visualizes the relationship between the number of clusters and the Sum of Squared Errors (SSE). 

SSE quantifies the total variance within clusters, with lower values indicating tighter groupings. As 

presented in Figure 3, the SSE sharply decreased from 𝑘=2 to 𝑘=4, after which the rate of decline 

flattened. The clearest “elbow” appeared at 𝑘=5, suggesting diminishing returns in model fit beyond 
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this point. This inflection marked a practical balance between compactness and simplicity, supporting 

𝑘=5 as an effective choice. 

 

Figure 3. SSE value plot for each 𝑘 cluster using the Elbow method 

Silhouette Analysis was applied to examine the clustering validity across 𝑘=2 to 𝑘=10. The 

Silhouette Coefficient reflects the fit of each data point within its cluster compared to others, ranging 

from -1 (poor fit) to +1 (strong fit). As shown in Figure 4, the highest score was recorded at 𝑘=2 (0.4428), 

but this solution was considered overly simplistic for educational interpretation. Although scores 

dipped slightly at 𝑘=3 and 𝑘=4, the value improved again at 𝑘=5 (0.3300) and stabilized through 𝑘=6 to 

𝑘=10. Thus, 𝑘=5 offers both analytical adequacy and meaningful differentiation. 

 

Figure 4. Silhouette analysis results for 𝑘=2 to 𝑘=10 

 

Figure 5. DBI for determining the optimal number of cluster 
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To further reinforce internal validity, the DBI was calculated. DBI evaluates clustering quality by 

combining intra-cluster similarity and inter-cluster separation, with lower values indicating superior 

clustering. As depicted in Figure 5, the lowest DBI occurred at 𝑘=6, implying high compactness and 

separation. However, the improvement over 𝑘=5 was marginal, and increasing cluster count 

compromised interpretability. Considering that the Elbow Method and Silhouette Coefficient 

converged at 𝑘=5, and the DBI gain was minimal, this configuration was retained for its conceptual 

clarity and balance. 

Considering all three validity metrics—SSE, Silhouette Coefficient, and DBI—along with visual 

and pedagogical considerations, the study determined k=5 to be the most appropriate choice. This 

solution achieves a strong balance between internal validity, parsimony, and the ability to reveal 

meaningful and actionable patterns in students’ literacy and numeracy performance, as well as their 

perceptions of affective teacher support.  

3.2. Elementary Student Clustering Based on Literacy and Numeracy 

Figure 6 shows a two-dimensional scatter plot of the K-Means clustering results (𝑘=5), using 

standardized literacy scores (x-axis) and numeracy scores (y-axis). Each point represents a student, 

colored by cluster membership, with red crosses indicating cluster centroids. The purple region 

(Cluster 0, top-right) comprises 34,081 high-achieving students (16%) with strong performance in both 

literacy and numeracy. Cluster 1 (dark blue, bottom-center) includes 51,721 students (24%) with slightly 

stronger literacy than numeracy. Cluster 2 (dark green, bottom-right) represents 35,720 students (16%) 

with high literacy but weaker numeracy. Cluster 3 (light green, bottom-left) is the lowest-achieving 

group, with 56,619 students (26%) scoring low in both domains. Lastly, Cluster 4 (yellow, top-center) 

includes 36,340 students (16%) with moderate numeracy and lower literacy. 

 

Figure 6. PCA-based scatter plot showing the distribution of students across five clusters with 

centroid markers 

Based on the average values, the characteristics of students in each cluster can be clearly identified. 

Following the detailed descriptive analysis of each cluster’s academic performance and perceived 

teacher affective support, Table 7 presents a compact summary of the five clusters. This table 

synthesizes key attributes including academic level classification (High/Medium/Low), ranges of 

affective support scores, cluster size in percentage, and suggested pedagogical interventions tailored 

to each group’s profile. 

Figure 6 presents a radar chart comparing literacy (LIT), numeracy (NUM), and students’ 

perceptions of teacher support—academic expectations (ACH), attention (TAS), and constructive 

feedback (CAF)—across the five clusters. Cluster 0 exhibits the most favorable profile, with the highest 

academic scores and most positive affective perceptions. In contrast, Cluster 4 is nearest the chart’s 
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center, indicating the lowest academic and affective outcomes. Cluster 1 stands out with high literacy 

but low numeracy, along with moderately positive perceptions. Cluster 2 shows stronger numeracy 

than literacy, with average achievement and moderate teacher support. Cluster 3, though low in 

academic scores, performs slightly better than Cluster 4 and retains a moderate perception of teacher 

support. Overall, the radar chart offers a clear visualization of differences across clusters, supporting 

the development of adaptive learning strategies tailored to each group’s needs. 

Table 6. Cluster Profiles Based on Academic Achievement and Affective Perceptions 

Cluster 

Academic Level 

(linteracy-

numeracy) 

CAF-TAS-ACH  

Score Range 
Size (%) 

Suggested Pedagogical 

Intervention 

Cluster-0 

(purple) 
High-High High-High-High 

16% 

(34.081) 

Enrichment programs, peer 

tutoring roles 

Cluster-1 

(dark blue) 
Medium-Low 

Medium-Medium-

High 

24% 

(51.721) 

Targeted feedback and 

reflective tasks 

Cluster-2 

(dark green) 
High-Low Low-Low-Medium 

17% 

(35.720) 

Intensive support and remedial 

programs 

Cluster-3 

(light green) 
Low-Low Low-Medium-High 

26% 

(56.619) 

Personalized mentoring and 

scaffolding 

Cluster-4 

(yellow) 
Medium-High Low-Low-Low 

17% 

(36.340) 

Holistic intervention, socio-

emotional learning 

 

 

Figure 6. Radar chart of average affective support scores (CAF, TAS, ACH) across clusters 

Figure 7 displays a boxplot comparing students’ perceptions across the three teacher affective 

support dimensions—academic expectations (ACH), teacher attention (TAS), and constructive 

feedback (CAF)—for each cluster. Cluster 0 consistently shows the highest median scores and the most 

compact interquartile ranges across all three variables, indicating uniformly positive perceptions 

among high-achieving students. In contrast, Cluster 4 demonstrates the lowest medians and the widest 

score distributions, particularly for ACH and CAF, suggesting inconsistent and generally low 

perceptions of teacher support among students with the lowest academic achievement. Similar trends 

appear for TAS and CAF, where Cluster 0 again shows centralized, high perceptions, while Cluster 4 

reveals dispersed distributions and several outliers, indicating variability in how teacher support is 

experienced. These findings suggest that academically stronger students perceive more consistent and 

supportive interactions from teachers, while lower-achieving students may require differentiated 

interventions. The boxplot confirms a strong association between academic performance and affective 
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perception, underscoring the need for adaptive pedagogical approaches tailored to each cluster’s 

profile. 

 

 

Figure 7. Boxplot diagram of students’ literacy and numeracy scores across five clusters 

To confirm the statistical validity of the identified clusters, a one-way ANOVA was conducted on 

five key variables: literacy, numeracy, and three affective dimensions—CAF, TAS, and ACH. The goal 

was to assess whether the mean differences observed across the five clusters were statistically 

significant. The results indicate that all variables differed significantly across clusters (p < 0.001), 

confirming that the clustering solution successfully differentiated students’ academic and affective 

characteristics. Table 8 presents the F-statistics, significance values, and effect sizes for each outcome 

variable. 

Table 7. ANOVA Results and effect sizes for each outcome variable across clusters. 

Variable F(4, df) p-value η² Effect Size Interpretation 

Literacy F(4, 214476) = 812.34 < 0.001 0.057 Moderate 

Numeracy F(4, 214476) = 736.21 < 0.001 0.052 Moderate 

CAF F(4, 214476) = 1304.19 < 0.001 0.089 Moderate to Large 

TAS F(4, 214476) = 1187.88 < 0.001 0.076 Moderate 

ACH F(4, 214476) = 943.62 < 0.001 0.061 Moderate 

 

In addition to statistical significance, effect sizes were calculated using eta squared (η²) to evaluate 

the practical relevance of differences across clusters. Based on Cohen’s (1988) benchmarks, η² values 

above 0.06 are considered moderate, and those above 0.14 are large. As shown in Table 8, all five 

outcome variables demonstrated moderate to moderately large effect sizes, supporting the internal 

validity of the clustering solution. The highest effect was observed in the CAF dimension (η² = 0.089), 

indicating that students' perceptions of constructive feedback were most distinctly differentiated. 

Teacher attention and care (TAS; η² = 0.076) and academic expectations (ACH; η² = 0.061) also showed 

meaningful variation, while literacy (η² = 0.057) and numeracy (η² = 0.052) reflected moderate 

differentiation. These findings confirm that the identified clusters capture substantial heterogeneity in 

both academic performance and perceived affective support, reinforcing the interpretive value of the 

clustering solution. 
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Discussion 

The results indicate that Indonesian elementary students perceive their teachers’ affective 

support—academic expectations (ACH), teacher attention and care (TAS), and constructive feedback 

(CAF)—with varying degrees of positivity. Most students rated their teachers moderately to highly in 

these areas, recognizing efforts in setting expectations, providing attention, and giving feedback. These 

findings align with prior studies emphasizing the importance of affective teacher–student interactions 

(Roorda et al., 2017; Ryan & Deci, 2020).  

Clustering analysis revealed five student groups with distinct combinations of academic 

achievement and perceptions of affective support. Cluster 0, comprising high-performing students, 

reported the most positive perceptions across all affective dimensions. In contrast, Cluster 4, with the 

lowest achievement, showed the least favorable views. This distribution highlights a strong alignment 

between achievement and affective experience. The unsupervised K-Means method effectively exposed 

latent academic–affective profiles beyond what parametric methods typically capture. 

Comparative analysis confirms that high-achieving students consistently report better perceptions 

of teacher expectations, attention, and feedback. Cluster 0 had the highest median for ACH and 

narrowest interquartile range, indicating strong and consistent positivity—echoing Konold et al. (2018). 

Similarly, TAS and CAF perceptions were highest in Cluster 0, reinforcing findings from Roorda et al., 

(2017), Hattie & Timperley (2007) and Wisniewski et al. (2020). Conversely, Cluster 4 students perceived 

less support and showed wider response variability, possibly reflecting emotional disengagement or 

lower self-efficacy (Ryan & Deci 2020). 

These results have multiple implications. In practice, teachers must be supported in providing 

consistent affective support to all students, regardless of achievement level. Professional development 

should address unconscious biases in interaction and promote strategies for inclusive feedback and 

emotional support. For policy, systematic affective monitoring could be integrated into educational 

evaluation frameworks to ensure equity in teacher–student relationships. In terms of adaptive learning 

systems, these clusters can inform the personalization of not only content but also emotional 

scaffolding—ensuring that students at risk of disengagement are provided with proactive attention and 

encouragement. 

While clustering revealed meaningful student profiles, it is important to acknowledge limitations. 

First, student perceptions may be shaped by bias, such as mood or attributional style, potentially 

distorting actual experiences. Second, the clustering approach, although effective in highlighting 

differences, simplifies a complex continuum of affective experiences. Thus, interventions must remain 

flexible and data-informed. Nevertheless, the identified profiles offer a practical foundation for targeted 

affective interventions, especially for students in low-performing clusters who may require 

differentiated attention, feedback, and motivation strategies. 

To the best of our knowledge, this study is the first to integrate Indonesia’s large-scale National 

Assessment data with students’ affective perception analysis using an unsupervised clustering 

approach at the elementary school level. By combining affective dimensions—namely students’ 

perceptions of academic expectations, teacher attention, and constructive feedback—with standardized 

literacy and numeracy scores, this study introduces a novel data-driven method for profiling 

elementary students across Indonesia. The use of K-Means clustering on over 200,000 student records 

enables the identification of nuanced academic–affective patterns that have not been captured by 

conventional statistical or regression-based approaches. 

4. CONCLUSION  

This study examined Indonesian elementary students’ perceptions of teacher affective support—

specifically, academic expectations, teacher attention and care, and constructive feedback—in relation 

to their literacy and numeracy profiles from the 2023 National Assessment. Through K-Means 

clustering, five distinct student groups were identified, each representing a unique academic-affective 
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profile. Students in Cluster 0 (high achievement) consistently reported the most positive perceptions 

across all affective dimensions, while students in Cluster 4 (low achievement) expressed lower and 

more varied perceptions. These findings confirm a strong alignment between students’ academic 

performance and their perceived affective experiences with teachers. 

To enhance the practical utility of these findings, several stakeholder-specific recommendations are 

proposed. For policy-makers, the identification of clusters with low affective perception can inform 

more equitable resource allocation, such as prioritizing teacher professional development and support 

programs in underperforming regions. For teachers, the study highlights the need for differentiated 

affective support, particularly for students with low literacy and numeracy levels, who may benefit 

from more consistent encouragement, attention, and scaffolded feedback. For technologists, the 

clustering framework offers a foundation for adaptive learning systems that incorporate not only 

cognitive data but also affective indicators, enabling more holistic and personalized instructional 

support through AI-driven tools and dashboards. 

Although the study provides important insights, it is not without limitations. The reliance on self-

reported student data may introduce perceptual biases, especially among lower-achieving students. 

Moreover, the clustering method used is exploratory and descriptive, which limits causal inference. 

Future studies should adopt longitudinal or experimental designs to investigate how targeted 

improvements in teacher affective support influence student achievement trajectories over time. 

Importantly, the methodology introduced in this study is scalable and replicable across educational 

systems beyond Indonesia. The unsupervised machine learning approach used here does not rely on 

local curricular assumptions, making it adaptable for use with national assessment data from other 

countries. As such, the study contributes a generalizable data-driven framework for integrating 

affective dimensions into educational analytics and personalized learning interventions. 

Ultimately, this research reinforces the importance of embedding affective support mechanisms 

into the design of equitable, student-centered learning environments. As the global education sector 

increasingly embraces adaptive technologies, affective insights—such as those captured through 

clustering—can serve as critical inputs for improving learner engagement, emotional wellbeing, and 

academic success at scale. 
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