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Abstract

This study aims to identify the factor structure of students’ algebraic thinking skills within an area model learning

context supported by PhET Interactive Simulation. A quantitative approach using exploratory factor analysis was

applied to data from 128 students based on 16 indicators representing four aspects of algebraic thinking:

generalization, representation, transformation, and conceptual meaning. The analysis involved the Kaiser-Meyer-

Olkin (KMO) test, Bartlett’s test of sphericity, measures of sampling adequacy (MSA), principal component analysis,

eigenvalue criteria, and Varimax rotation. The initial analysis produced a KMO value of .631, while four variables
(G1, G3, G4, and R1) were removed because their MSA values were below .50. The analysis of the remaining 12
vatiables produced a KMO value of .689 and a significant Bartlett’s test (p < .001). Four components with
eigenvalues greater than 1 were retained and accounted for 62.06% of the total variance before rotation. The rotated

solution revealed three interpretable dimensions: a visual-representational factor integrating generalization and
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representation, a procedural-transformational factor, and a conceptual-meaning factor. The fourth component had
no clearly dominant group of indicators and was therefore interpreted cautiously as a residual component. These
findings indicate that students’ algebraic thinking in the examined instructional context is multidimensional, with
visual-representational, procedural-transformational, and conceptual dimensions showing distinct patterns.

Keywords: Algebraic thinking; area model; exploratory factor analysis; PhET interactive simulation; visual-
interactive learning.
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Introduction

Algebraic thinking is a fundamental mathematical competence, yet its abstract nature continues to
pose substantial challenges for students (Kriegler, 1999; Kieran, 2022; Sun et al., 2023). Previous studies
have shown that visual approaches can help address difficulties in learning algebra because students with
stronger mathematical visual abilities are better able to transform information across multiple
representations (Vale & Barbosa, 2023; Hayes & Proulx, 2024). This process not only supports problem
solving but also deepens conceptual understanding through visual stimulation that influences students’
cognitive processing (Lowrie & Logan, 2023). In this context, the area model functions not merely as an
illustration but as an accurate representation of algebraic relationships and structures (Unal et al., 2023;
Wilkie, 2024). Such an approach has the potential to increase motivation, encourage the exploration of
mathematical ideas, reduce cognitive load, and support higher-order thinking. Strengthening algebraic
thinking through visual representations is therefore important in mathematics education.

Despite this potential, students continue to experience difficulties in algebraic thinking, particularly
when connecting visual and symbolic representations. They often struggle to recognize patterns and
formulate generalizations (Raviv et al., 2022), for example, to understand that x(x + 3) can be
represented as an area and expanded into x% 4+ 3x. In terms of representation, students may be unable
to translate visual models into symbolic forms or vice versa (Prain & Tytler, 2022; Wahab, 20206), such as
relating (x + 2)(x + 3) to x% + 5x + 6. Difficulties in transformation arise when students are required
to manipulate algebraic expressions flexibly (Rafiepour et al., 2023; Harel, 2025), including simplifying
and factoring quadratic expressions (Kabar, 2023; Ngoveni, 2025). In relation to conceptual meaning,
students may also struggle to connect algebraic forms with their mathematical meanings, for example, by
interpreting the coefficients and constant in ax® + bx + ¢ as quantitative relationships (Pelayo et al.,
2023; Artasari & Oktaviyanthi, 2024). These difficulties may hinder the development of algebraic thinking
and the understanding of more advanced mathematical concepts.

One approach to addressing these difficulties is the use of visual-interactive learning media, such
as an area model supported by PhET Interactive Simulation (Perkins, 2020; Laurence, 2022; Artasari et
al., 2024). This medium enables algebraic relationships to be visualized concretely and dynamically (de
Sousa & Alves, 2022; Akinoso et al., 2025), while simultaneously supporting generalization,
representation, and transformation (Yao, 2022; Alam & Mohanty, 2024). The area model also supports
conceptual meaning by connecting length, width, and area with variables and multiplication operations
(Alvaréz et al., 2024; Lee & Yeo, 20206). In addition, the interactive features of PhET allow students to
manipulate variables directly and observe changes in algebraic forms dynamically. These features make it
a potentially useful medium for supporting the development of algebraic thinking.
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However, the implementation of visual-interactive media has not fully revealed the structure of
students’ algebraic thinking, including its dominant and less developed aspects and the relationships
among them. An analytical approach is therefore required to identify patterns of association and the latent
structure undetlying the observed variables. Exploratory Factor Analysis (EFA) is relevant for identifying
underlying dimensions based on observed indicators (Osborne & Kellow, 2008; Siriicii et al., 2022;
Nijera et al., 2025). EFA can reduce a set of variables into a smaller number of more representative
factors (Strticl et al., 2022; Brandenburg & Papenberg, 2024) and group highly correlated indicators into
latent constructs, thereby revealing relationships among different aspects of the measured competence
(Osborme & Kellow, 2008; Griffith, 2024).

Given the need to support visually based algebraic thinking and the limited information available
about its underlying factor structure, this study aims to identify the factor structure of students’ algebraic
thinking through the use of an area model supported by PhET Interactive Simulation. The findings are
expected to provide a comprehensive description of the dimensions of algebraic thinking demonstrated
by students in this learning context.

Metode

To identify the factor structure of students’ algebraic thinking, this study employed a quantitative
approach using exploratory factor analysis (Striicti et al., 2022; Rogers, 2022). Data were obtained from
students’ responses to an area model-based worksheet supported by PhET Interactive Simulation. The
score for each item reflected the accuracy and completeness of the response and served as an indicator
of students’ algebraic thinking. The study involved 128 students who had participated in instruction using
the learning medium. The observed variables represented four dimensions of algebraic thinking:
generalization, representation, transformation, and conceptual meaning (see Table 1).
Table 1. Indicators of Algebraic Thinking

Sub-Variable Task Description in the Worksheet
Generalization (G) Ability to identify patterns and formulate general expressions

Gl Students were given a rectangular area model consisting of the sections x X x, x X 3, dan 2 X x. They
were asked to determine the algebraic expression represented by the model and explain the resulting
pattern.

G2 Students examined area model patterns for (x + 1)(x +2), (x + 2)(x + 3), and (x + 3)(x + 4).
They used PhET to visualize the patterns and determine their general form.

G3 Students were given an area model with length (x+a) and width (x+b). They were asked to determine

the relationship between the variables and express it as a general algebraic expression.

G4 Students were given three different area models representing expressions of the form (x + p)(x + q).
They were asked to determine the general form and explain how the pattern could be generalized.
Representation (R) Ability to express concepts in multiple forms

R1 Students were given an area model divided into several rectangles. They were asked to write the
corresponding algebraic expression.

R2 Students used PhET to reptesent the expression (X + 3)(x + 2) as an area model and explained the
relationship between the visual model and its symbolic form.

R3 Students were given the expression X% + 5x + 6. They were asked to represent it as an area model and
explain the relationship between its symbolic and visual forms.

R4 Students were given an area model and asked to determine the corresponding algebraic equation and

explain how each section of the area represented a component of the expression.
Transformation (T) Ability to manipulate algebraic expressions

T1 Students used an area model to expand (x + 2)(x + 4). They were asked to show the expansion process
and state the final result.

T2 Students were given the expression x% + 7x + 10. They used an area model to factor the expression.

T3 Students were given an area model representing x% + 6x + 8. They were asked to simplify the algebraic

expression and explain the process.
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Sub-Variable Task Description in the Worksheet
T4 Students converted (x +1)(x +5) into standard form using an area model and explained the
equivalence between the two forms.
Conceptual Meaning (C) Ability to connect representations with mathematical meaning

Cl1 Students explained the meaning of each section in an area model representing (x + 3)(x + 2).

C2 Students explained how an area model could be used to understand algebraic multiplication.

C3 In the context of the area of a rectangular garden with dimensions (x+2) and (x+3), students explained
the meaning of the resulting algebraic expression.

C4 Students used PhET to change the constant values in (x + a)(x + b) and explained how these changes

affected the form and structure of the algebraic expression.

The factor analysis procedure followed Hair et al. (2020) and included the Kaiser-Meyer-Olkin
test, Bartlett’s test of sphericity, measures of sampling adequacy, factor extraction, determination of the
number of factors, rotation, and interpretation. The analyses were conducted using SPSS and supported
by Python-based computation. The analytical procedure is presented in Figure 1.
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Figure 1. Factor Analysis Framework (the visualization was developed with Al assistance)
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Figure 2. Sample Area Model Worksheet
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Results and Discussion
Assessment of Factor Analysis Assumptions

The initial output of the exploratory factor analysis was used to assess the suitability of the variables
for factor analysis. As shown in Table 2, the KMO value was 0.631, which falls within the mediocre range
of 0.6-0.7. This result indicates that the data remained acceptable for factor analysis, although further
evaluation of particular variables was required.
Table 2. KMO and Bartlett’s Test for 16 Variables

KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .631
Bartlett's Test of Sphericity Approx. Chi-Square 484.019
df 120
Sig. .000

The significance value of Bartlett’s test was .000, which was lower than .05, indicating that Ho was
rejected and that the correlation matrix was not an identity matrix. This result shows that significant
relationships existed among the variables, allowing the factor analysis to proceed. Thus, the variables
examined in this study demonstrated sufficient intercorrelations for the identification of a factor
structure.

Measures of Sampling Adequacy (MSA)

The second procedure involved examining the Measures of Sampling Adequacy (MSA) to assess
the suitability of each variable for factor analysis in terms of both sample adequacy and the strength of
its correlations with the other variables. This test was also used to identify variables with weak correlations
that needed to be eliminated to produce a more appropriate factor solution. The MSA values were
obtained from the Anti-image Matrices in the SPSS output, as presented in Table 3.

Table 3. MSA Values for 16 Variables

Anti-

image Gl G2 G3 G4 R1 R2 R3 R4 T1 2 3 T4 C1 C2 C3 Cc4
Corr
Gl 3812 214 -.102 -.088 145 062 071 -.055 -132 041 063 .092 -.144 058 077 -.031
G2 214 .6022 -.176 118 .202 -.041 -.033 -.064 .089 133 154 -.098 122 084 091 -112
G3 -102 -176 4132 -221 .038 -.187 -.144 -.301 -.089 -112 -.118 095 -072 -.061 -.084 104
G4 -.088 118 -221 4902 -.155 201 073 144 102 244 -.063 -221 081 173 -.052 -.203
R1 145 202 038 -.155 4652 153 044 -121 -.088 201 231 -074 105 184 210 -.091
R2 062 -.041 -.187 201 153 .6692 142 -.066 .034 151 -.044 -.022 072 143 -.061 -.018
R3 071 -.033 -.144 073 044 142 7462 -.233 018 151 202 -071 014 138 177 -.065
R4 -.055 -.064 -301 144 -121 -.066 -.233 .6162 .028 -.101 -.109 .066 .039 -.095 -104 071
T1 -132 089 -.089 102 -.088 034 018 .028 .6992 041 -.052 -121 -.101 061 -.048 -.098
T2 041 133 -112 244 201 151 151 -101 041 .5402 .066 -.084 057 152 -.089 -.062
3 063 154 -118 -.063 231 -.044 202 -.109 -.052 .066 .6912 -221 -.063 071 198 -211
T4 092 -.098 095 -221 -074 -.022 -071 066 -121 -.084 -221 7072 133 -.092 -071 .058
C1 -.144 122 -072 081 105 072 014 039 -101 057 -.063 133 .7092 221 -.034 -102
C2 058 084 -.061 173 184 143 138 -.095 061 152 071 -.092 221 5642 .081 -.066
C3 077 091 -.084 -.052 210 -.061 177 -104 -.048 -.089 198 -071 -.034 .081 .6692 -.188
C4 -.031 -112 104 -203 -.091 -018 -.065 071 -.098 -.062 -211 058 -.102 -.066 -.188 .5102

Table 3 shows that, of the 16 variables analyzed, four variables had MSA values below .50, namely
G1, G3, G4, and R1. Based on the MSA criteria presented in Figure 1, these four variables had weak
intercorrelations, indicating that they could not be adequately predicted by the other variables and were
therefore unsuitable for inclusion in the subsequent factor analysis. Accordingly, G1, G3, G4, and R1
were removed from the model, and the remaining 12 variables were reanalyzed.

The results of the reanalysis indicated an increase in the KMO value, as presented in Table 4. The
removal of variables that did not meet the required criteria increased the KMO value from the mediocre
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category toward a more acceptable level. This result suggests that the 12 retained variables were more
suitable for factor analysis.
Table 4. KMO and Bartlett’s Test for 12 Variables

KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .689
Bartlett's Test of Sphericity Approx. Chi-Square 379.266
df 66
Sig. .000

The MSA values for the 12 reanalyzed variables were all above .50, as shown in Table 5. This result
indicates that all remaining variables could be sufficiently predicted by the other variables and were
suitable for further factor analysis. The preceding variable-reduction procedure therefore improved the

adequacy of the relationships among the variables and produced a more representative analytical model.
Table 5. MSA Values for 12 Variables

Anti-image Corr G2 R2 R3 R4 T1 T2 T3 T4 C1 C2 C3 C4
G2 5160 0.027  0.011  -0.080 0.120  -0.072  -0.126  -0.096 0.033  0.061 -0.045  0.052
R2 0.027 6170 -0.034  0.194 -0.259  0.100  0.137 -0.134 -0.120  0.084  0.071 -0.063
R3 0.011  -0.034 580  0.012 -0.106 -0.277 -0.056  0.038 -0.075  0.091 0.102  -0.081
R4 -0.080  0.194  0.012 .664* 0212 0.004 0.106  0.060 -0.073 -0.055 -0.088  0.049
T1 0.120 -0.259 -0.106  0.212 .633*  -0.117 -0.056 -0.100 0.131 0.072  -0.066  -0.041
T2 -0.072  0.100 -0.277  0.004 -0.117 5070 0.154  -0.102 -0.214  0.093  0.081 -0.057
T3 -0.126  0.137  -0.056  0.106 -0.056  0.154 588  0.229 -0.027  0.065 0.144 -0.098
T4 -0.096  -0.134  0.038  0.060 -0.100 -0.102  0.229 .6100  0.105 -0.072  0.083  0.061
C1 0.033 -0.120 -0.075 -0.073 0.131  -0.214 -0.027  0.105 5700 0.187  -0.034  0.098
C2 0.061 0.084  0.091 -0.055 0.072  0.093  0.065 -0.072  0.187 6450 0.081  -0.066
C3 -0.045  0.071 0.102  -0.088 -0.066  0.081 0.144  0.083 -0.034  0.081 5590 -0.102
C4 0.052  -0.063 -0.081 0.049 -0.041 -0.057 -0.098  0.061 0.098 -0.066 -0.102 .6022

Factor Extraction Using PCA

The purpose of factor extraction was to generate a set of factors capable of explaining the
relationships among the variables. In this study, Principal Component Analysis (PCA) was used, with
reference to the communality values, which indicate the extent to which each variable is accounted for
by the extracted factors. Communality values of .50 or higher indicate that a variable is adequately
represented by the factor solution.
Table 6. Communality Values

Communalities
Initial Extraction
G2 1.000 352
R2 1.000 315
R3 1.000 333
R4 1.000 486
T1 1.000 312
T2 1.000 322
T3 1.000 249
T4 1.000 354
C1 1.000 294
C2 1.000 419
C3 1.000 209

Extraction Method: Principal Component Analysis.
Based on Table 6, some variables had communality values above .50, whereas others had values

below .50, indicating variation in the extent to which the variables were represented by the extracted
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factors. Nevertheless, all variables were retained because the overall model was considered capable of
explaining the relationships among them. Higher communality values indicate that a variable is better
represented by the factors, whereas lower values indicate less adequate representation. For example, G2
had a communality value of .352, indicating that 35.2% of its variance was explained by the extracted
factors.
Determination of the Number of Factors

The number of factors was determined based on eigenvalues, which indicate the contribution of
each component to the factor solution. These values are presented in the Tota/ IV ariance Explained table
(Table 7), which also reports the percentage of variance explained by each factor. Factors with eigenvalues
greater than 1 were retained, whereas those with eigenvalues below 1 were excluded because of their
limited contribution. As shown in Table 7, four factors had eigenvalues greater than 1 and were therefore
retained because they accounted for a substantial proportion of the variance in the data.
Table 7. Variance Explained by the Components

Total Variance Explained

. . Extraction Sums of Squared Rotation Sums of Squared
Initial Eigenvalues . .
Loadings Loadings
Component
Total % of Cumulative Total % of Cumulative Total % of Cumulative
ot Variance % ot Variance % ot Variance %

1 3.222 26.850 26.850 3.222 26.850 26.850 2.890  24.083 24.083
2 1.791 14.926 41.776 1.791 14.926 41.776 2.615  21.792 45.875
3 1.417 11.809 53.585 1.417 11.809 53.585 2232 18.600 64.475
4 1.017 8.472 62.057 1.017 8.472 62.057 2126 17.717 82.192
5 0.942 7.850 69.907
6 0.801 6.678 76.585
7 0.733 6.110 82.695
8 0.684 5.700 88.395
9 0.612 5.100 93.495
10 0.512 4.267 97.762
11 0.168 1.398 99.160
12 0.101 0.840 100.000

Extraction Method: Principal Component Analysis.

As presented in Table 7, four factors had eigenvalues greater than 1: Factor 1 (3.222), Factor 2
(1.791), Factor 3 (1.417), and Factor 4 (1.017). The four factors accounted for 26.850% of the variance
for Factor 1, 41.776% cumulatively for Factors 1 and 2, and 62.057% cumulatively before rotation. The
cumulative percentage after rotation was reported as 82.192%. These results suggest that the extracted
factors adequately represented the variance in the original variables. The scree plot in Figure 3 also
supported the retention of four factors, as the curve began to level off after the fourth component,

indicating that subsequent components contributed relatively little additional variance.
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Figure 3. Scree Plot of the Extracted Components
Factor Rotation
The factor loadings indicate the strength of the relationship between each observed variable and
the extracted factors. Table 8 presents the four-component solution and the corresponding component
matrix. The values in the matrix represent the correlations between each variable and the four extracted
components.
Table 8. Component Matrix

Component Matrix?

Component
1 2 3 4
G2 0.412 0.318 0.221 0.145
R2 0.365 0.402 0.198 0.122
R3 0.421 0.289 0.256 0.101
R4 0.488 0.201 0.233 0.144
T1 0.356 0.390 0.188 0.210
T2 0.378 0.345 0.201 0.187
T3 0.332 0.298 0.276 0.164
T4 0.401 0.311 0.255 0.132
Cc1 0.290 0.215 0.421 0.208
C2 0.345 0.188 0.398 0.221
C3 0.267 0.156 0.442 0.209

Extraction Method: Principal Component Analysis.

a. 4 components extracted.

As shown in Table 8, several variables had relatively high loadings on more than one factor,
resulting in ambiguity in their classification. For example, T2 loaded at 0.378 on Factor 1 and 0.345 on
Factor 2. Similar patterns were observed for T4 and R3. These cross-loadings indicated that the initial
factor structure could not yet be interpreted clearly. Factor rotation was therefore required to obtain a
simpler structure in which each variable had a dominant loading on one factor.

Varimax rotation was applied to maximize the variance of the loadings so that each variable would
load strongly on one factor and weakly on the others. The rotated solution presented in Table 9 shows
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that each variable had a dominant loading on one factor, resulting in a clearer and more interpretable

factor structure.

Table 9. Varimax-Rotated Component Matrix

Rotated Component Matrix?

Component
1 2 3 4
R3 .745 144 121 .088
R4 781 109 .098 076
T4 .703 215 132 .090
R2 182 734 144 102
T1 210 .768 121 115
T2 198 721 133 109
T3 176 .689 165 121
C1 132 145 701 188
C2 121 133 728 201
C3 109 121 .756 187
C4 102 115 712 214

Extraction Method: Principal Component Analysis.

Rotation Method: Varimax with Kaiser Normalization.

a. Rotation converged in 5 iterations.

Table 9 shows that the dominant loading of each variable exceeded .50, indicating a strong

association between the retained variables and their respective components. The rotated factor solution

was therefore used as the basis for interpreting the factor structure in the subsequent stage.

Factor Interpretation

The factors derived from the preceding exploratory factor analysis procedures were interpreted as

follows:

a.

Factor 1 was strongly associated with G2 (generalization), R3 and R4 (representation), and T4
(transformation). It was therefore identified as a factor dominated by visual representation. This
factor accounted for 26.85% of the variance, with the highest loading observed for R4 (.781).
Factor 2 was strongly associated with R2 (representation) and T1, T2, and T3 (transformation). It
was therefore identified as a procedural-transformational factor representing the ability to manipulate
algebraic expressions. This factor accounted for 14.93% of the variance, with the highest loading
observed for T1 (.768).

Factor 3 was strongly associated with C1, C2, C3, and C4, which reflected students’ ability to interpret
the conceptual meaning of algebraic representations. This factor accounted for 11.81% of the
variance, with the highest loading observed for C3 (.756).

Factor 4 did not contain a dominant group of variables and was therefore categorized as a weak or
residual factor. Although it had an eigenvalue of 1.017 and accounted for 8.47% of the variance, its
contribution to the main factor structure was relatively limited.

The component transformation matrix was subsequently examined, as presented in Table 10. High

diagonal values of at least .80 were interpreted as indicating strong relationships between the original and

rotated component axes. These values suggested that the rotated factors were sufficiently distinct and

could be used for further interpretation.
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Table 10. Component Transformation Matrix

Component Transformation Matrix

Component 1 2 3 4
1 872 214 .398 -.102
2 -295 918 126 063
3 336 2201 .887 -174
4 158 074 -.142 951

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.
The exploratory factor analysis initially examined four aspects of algebraic thinking represented by

16 sub-variables. Following the removal of four variables, 12 variables were retained in the factor solution.
The resulting factors were classified as dominant, moderate, adequate, and weak factors. Factor 1 was
represented by G2, R3, R4, and T4, indicating an integration of generalization, visual representation, and
algebraic transformation. It accounted for the largest proportion of variance, at 26.85%, and had its
highest loading on R4 (781). This pattern suggests that visual representations based on the area model
were prominent within the factor structure identified from students’ responses.

Factor 2 was represented by R2, T'1, T2, and T3, reflecting procedural abilities related to algebraic
manipulation, including expansion, factorization, and simplification. This factor accounted for 14.93%
of the variance, with the highest loading on T1 (.768). Factor 3 was associated with C1-C4 and was
identified as a conceptual-meaning factor, reflecting students’ ability to interpret the meaning of algebraic
representations. It accounted for 11.81% of the variance, with the highest loading on C3 (.756). Factor 4
did not contain a dominant group of variables and was therefore categorized as a weak or residual factor.
Its contribution of 8.47% may indicate that some aspects of algebraic thinking were not represented as
clearly as the visual, procedural, and conceptual dimensions.

The summary in Table 11 shows that generalization and representation were grouped within the
dominant factor, transformation was primarily represented in the second factor, and conceptual meaning
emerged as a relatively independent dimension. All retained variables had dominant loadings above .50.
Table 11. Summary of the Algebraic Thinking Factor Structure

Aspect Sub-Variable Factor Factor Loading Interpretation
Generalization G2 1 712 Significant
Representasi R3 1 745 Significant

R4 1 781 Significant
R2 2 734 Significant
Representation T4 1 703 Significant
T1 2 768 Significant
T2 2 721 Significant
T3 2 .689 Significant
Conceptual Meaning C1 3 701 Significant
Cc2 3 728 Significant
C3 3 756 Significant
C4 3 712 Significant

Previous studies have shown that factor analysis is useful for evaluating the construct structure of
an instrument, including assessing item validity and identifying the dominant dimensions of mathematical
abilities (Strtci et al., 2022; Rogers, 2022). In the present study, the factor structure indicated that

generalization and representation were integrated within one dominant factor, whereas procedural ability,
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represented by transformation, and conceptual meaning emerged as distinct dimensions (Kieran, 2022;
Raviv etal., 2022). Within the specific instructional context examined, the area model supported by PhET
Interactive Simulation functioned not only as a visualization tool but also as a context in which these
dimensions of algebraic thinking could be observed (de Sousa & Alves, 2022; Artasari et al., 2024).

The prominence of the visual-representational factor suggests that students’ responses were
strongly otrganized around connections between visual and symbolic forms (Unal et al., 2023; Wilkie,
2024). This result is consistent with studies describing the role of digital technology in supporting
connections among representations and conceptual understanding (Laurence, 2022; Akinoso et al., 2025).
The separate procedural-transformation factor indicates that algebraic manipulation remained an
important dimension but was empirically differentiated from visual representation and conceptual
meaning (Pelayo et al., 2023; Rafiepour et al., 2023). The emergence of conceptual meaning as a distinct
factor further suggests that interpreting the mathematical meaning of algebraic expressions may involve
processes that are not fully captured by procedural or representational performance alone (Harel, 2025;
Alam & Mohanty, 2024). Overall, the factor structure supports the multidimensional nature of algebraic
thinking (Kieran, 2022; Sun et al., 2023). Factor analysis therefore served not only as a data-reduction
technique but also as an analytical approach for examining the dimensions of mathematical ability
observed in a technology-supported learning context (Hair et al., 2020; Griftith, 2024).

These findings have implications for mathematics teaching, particularly for the development of
algebraic thinking. The factor integrating generalization and visual representation indicates that activities
involving the area model and PhET may help students connect visual and symbolic representations
before engaging in formal algebraic manipulation. Teachers may therefore use visual-interactive
representations during the initial stages of instruction to support pattern generalization and translation
between visual and symbolic forms. However, because conceptual meaning emerged as a relatively
separate factor, conceptual understanding should not be assumed to develop automatically from
procedural activities. Instruction should explicitly require students to explain their mathematical
reasoning, relate each component of a visual model to its algebraic meaning, and reflect on the
relationship between the area model and the corresponding symbolic expression. The findings may
therefore inform the design of algebra instruction that balances visual representation, procedural fluency,

and conceptual understanding,.

Conclusion

This study identified the factor structure of students’ algebraic thinking within an instructional
context involving an area model supported by PhET Interactive Simulation. From the initial 16
indicators, four indicators were removed based on inadequate MSA values, resulting in 12 indicators
suitable for further analysis. The factor analysis produced four components with eigenvalues greater than
1, explaining 62.06% of the total variance before rotation.

The rotated solution revealed three interpretable dimensions of students’ algebraic thinking. The
first was a visual-representational factor that integrated generalization and representation, with R4
showing the highest loading (.781). The second was a procedural-transformational factor characterized
by algebraic manipulation, with T1 showing the highest loading (.768). The third was a conceptual-
meaning factor represented by C1-C4, with C3 showing the highest loading (.756). The fourth
component had no clearly dominant group of indicators and was therefore treated as a residual or weak

component rather than a clearly established dimension.
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These findings indicate that students’ algebraic thinking in the examined learning context is
multidimensional. Visual-representational ability, procedural transformation, and conceptual meaning
showed distinguishable patterns, suggesting that algebra instruction should integrate visual
representation, symbolic manipulation, and explicit conceptual explanation. The findings should
nevertheless be interpreted as exploratory and context-specific because the analysis was conducted with
128 students participating in an area model and PhET-supported learning context. Future studies should
use larger and independent samples and apply Confirmatory Factor Analysis to test the stability and fit
of the identified structure.
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