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1. INTRODUCTION

Numeracy skills at the junior high school level can be an mmportant indicator of educational quality.
According to the National Assessment (Asesmen Nasional/AN) framework, numeracy, along with literacy,
character surveys, and learning environment surveys, is a core component in forming a comprehensive basis for
assessing student learning achievement [1]. This aligns with the Programme for International Student Assessment
(PISA), which is conducted by the OECD every three years on students aged approximately 15. PISA assesses
mathematics, reading, and science, and collects contextual data through student and school questionnaires [2].
With data collected from the AN and PISA, schools and stakeholders can conduct further analysis of student
achievement in numeracy.

In practice, student numeracy performance can be grouped into two categories: above the minimum
competency level and below the minimum competency level. Furthermore, the minimum competency level itself
1s divided into three groups: far below, below, and at the minimum level. This grouping helps schools and
policymakers design more targeted interventions. Several other factors, apart from test scores, such as teaching
practices and class climate, teacher performance, and school leadership, have been shown from a number of

Journal homepage: http://jurnal.uinsu.ac.id/index.php/zero/index



Zero: Jurnal Sains, Matematika dan Terapan 0 491

studies to be significant contributors to student performance in mathematics. Multi-level analyses of large-scale
mternational testing programmes, such as PISA, support these findings [3]. At the same time, a number of
subjective attributes of students such as motivation, self-efficacy, and attitudes to mathematics have been shown
to associate consistently with enhanced outcomes in numeracy [4].

‘While this study uses Indonesia's National Assessment data, prior international studies provide a robust
conceptual rationale for the application of machine learning methods, in particular Random Forest, to
educational outcomes. Random Forest has been successfully applied in capturing complex nonlinear patterns
across a large number of educational indicators, especially in large-scale assessments such as PISA. These present
its high accuracy and interpretability, thereby making it especially suitable for modeling literacy and numeracy
achievement.

Random Forest has proven to be an effective machine learning technique for predicting student reading
performance. In Ghimire and Mokhtari [5], Random Forest was used to examine how metacognitive reading
strategies predict reading achievement; several of these strategies emerged as consistent and important predictors
in the model. Similarly, Low, Lim, and Chua [6] compared Random Forest, Naive Bayes, and k-Nearest
Neighbors in forecasting East Asian students’ reading proficiency using PISA 2018 data, and found that Random
Forest achieved the highest predictive accuracy.

Random Forests have also been used to predict student numeracy performance. Bayirli, Kaygun and Oz
[7], in their analysis of 2018 PISA data from various countries in Asia and the Pacific, determined the importance
of variables in predicting mathematics achievement using Random Forests. These included parental education
level, availability of educational materials, hours per week students spent studying, and school entry age. Bertoletti
et al. [8] identified why girls do not perform as well as boys on mathematics tests when they used a multilevel
Random Forest model to analyze the influence of family background, school environment, and cognitive ability
on gender differences in mathematics performance. Bernardo et al. [9] analyzed low-achieving science students
in the Philippines and were able to improve the fit of their model by adding non-cognitive (e.g., motivation and
goals) and contextual (e.g., learning experience) variables to variables based solely on cognitive ability when they
used machine learning methods including Random Forests. A review conducted by Wang, Perry, Malpique and
Ide [3], showed that there is no single “best” set of predictors for academic success, but that student-, family-, and
school-based predictors are equally valid, and it is this combination of predictors that best explains what
mfluences academic success.

However, much of the available evidence comes from international studies that use PISA and other large
scale datasets. In Indonesia, applications of data mining to the National Assessment remain limited. Only a small
number of investigations have reported aggregation at the school level for numeracy using comprehensive
National Assessment indicators, and direct comparisons between models that include literacy predictors and
those that exclude them are uncommon. This study addresses these gaps by classifying numeracy among junior
high schools with Random Forest across three domains (school background, learning environment, and
character) and by comparing model specifications without literacy and with literacy to estimate the additional
contribution of literacy to model performance. Our objectives are to quantify differences in accuracy and ROC
AUC and to identify the most influential predictors for practical intervention. We hypothesize that including
literacy yields higher accuracy and ROC AUC and that literacy will rank among the top predictors, and we expect
these gains to remain robust across cross validation folds and school strata, providing methodological and
practical guidance for schools and policymakers in Indonesia.

2. RESEARCH METHOD

This research utilized a quanttative approach, employing the Random Forest algorithm to classify
numeracy-achievement data of junior high school students derived from the 2023 National Assessment. Python
was used for all data analyses. The original database contained 137 variables including background of the
educational unit, scores for numeracy and literacy assessments, the Learning Environment Surveys and Character
Surveys. To align with the purposes of the research effort and keep the model parsimonious, some questions on
the two surveys were aggregated into relevant composite indices based on authority from the Assessment and
Learning Center [10], [11]. Thus, a total of 68 working variables were employed. The student data were
aggregated at the school level so, subsequently, only school-level data were analyzed.

All categorical indicators in this study were binary and coded 0 or 1. This coding preserves the grammar of
meaning of each category without inordinate dimensionality. It is well-suited to two-level factors and
computationally economical for tree-based learners [12]. This scheme was used for four indicators: school type
(0 = public¢/state, 1 = private), curriculum (0 = 2013 Curriculum, 1 = Merdeka Curriculum), region type (0 =
regency/ district, 1 = city/ municipality), and regional status (0 = urban, 1 = rural). This structure served to enhance
the fitness of the model while providing the algorithm opportunity to use the categorical data.

Meanwhile, numerical variables consist of numeracy scores, literacy scores, socioeconomic status, learning
environment surveys, and character surveys. The learning environment survey and character survey have a large
number of indicators. Therefore, to facilitate analysis, these indicators were grouped according to their category
framework and averaged [10], [11], [13]. The learning environment survey categories include: (1) classroom
management, (2) affective support, (3) cognitive activation, (4) literacy and numeracy learning, (5) teacher
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reflection, (6) school policy, (7) diversity climate, (8) gender health climate, and (9) parental support. Meanwhile,
the character survey was grouped into six dimensions, namely: (1) faith & piety , (2) cooperation, (3) creativity,
(4) critical thinking, (5) global diversity, and (6) independence.

The target variable is numeracy achievement at the school level. Individual numeracy scores (0-100) were
first aggregated to the school level by calculating the average of the sample of students participating in the National
Assessment. The average numeracy score was then rescaled from 0-100 to a scale of 1-3, and based on this scale
each school was mapped nto four achievement categories according to government guidelines [13]. Table 1
summarizes the category labels and their respective cut-off values.

Table 1: Range of numeracy achievement

Category Indicator Score Range
Well Below Minimum Most students have not reached the minimum competency threshold for 1.00 to 1.39
Competency numeracy.
Below Minimum Less than 50% of students have reached the minimum competency for  1.40 to 1.79
Competency numeracy.
Reaching Minimum  Most students have reached the minimum competency threshold for 1.80 to 2.09
Competency numeracy, but more effort is needed to encourage more students to

become proficient.

Above Minimum Students at the school demonstrate a competent level of numeracy, and  2.10 to. 3.00
Competency a significant number of students are at the proficient level.

For binary classification purposes, the four ordinal categories of the target variable were transformed into
two: class 0 (at or below minimum competency; n = 3,244 educational units) and class 1 (above minimum
competency; n = 7,908 educational units). Next, we built two comparative models to assess the incremental
predictive value of the literacy variable: Model A excluded literacy scores, while Model B included them.

Before we start modeling, we applied pre-processing in the form of features cleaning, to increase
mterpretability and quality of the data. Near zero variance predictors were removed as they had little impact on
discrimination. We also used a Pearson correlation method to prune predictors that were highly correlated (|r|
> (0.90) with each other, thereby reducing redundancy and stabilizing variable-importance estimates [14]. This
follows the principle of parsimony in machine learning.

Data were split into training and test, by way of a stratified 70:30 partition. This also has the benefit of having
plenty of samples available from the training set to learn the best fitted model, with a large enough hold out for
fair evaluation. Stratification preserves the class proportions in both sets reducing the evaluation bias on class
mmbalance [15]. It 1s also worth noting that small sample sizes can amplify uncertainty of estimates in validation
[16].

‘We used Random Forests as bagging decorrelates decision trees which controls variance as well as reduces
the chance of overfitting and allows for mixed type predictors and non-linear interaction to be accounted for [17],
[18]. In our binary target class, 0 (< minimum competency) there were 3,244 educational units (29.19) whereas
class 1 (> minimum competency) comprised 7,908 units (70.9%) to give a fairly even unbalance of 2.44: 1 in
favour of a majority. To account for this imbalanced distribution whilst leaving the data distribution unchanged,
we complexly applied cost sensitive method by way of classweight = “balancedsubsample” to give us class re-
weighting independent and in each bagging samples used to grow a tree. For tree b, the weight for class k is given
by Equation (1); these weights enter the impurity and split-gain computations, up-weighting the minority class
thereby mitigating majority-class bias [19], [20].

wp = ™ ke {0,1} (1)
K x n}

where w? is the class weight for class k in tree b; n, is the size of the bootstrap sample for tree b; K is the
number of classes; and n2 is the number of in-bag samples of class k in that bootstrap sample. Gini impurity can
be computed as in Equation (2).

K
GO =1- ph ©
k=1

where G (t) is the Gini impurity at node t; py;, 1s the proportion of class k among samples reaching node t;
and K is the number of classes [21]. The impurity reduction (gain) for candidate can be computed as in Equation

3).
AG(s,t) = G(t) —"n— G(t) —"n— G(te) ®)

Zero: Jurnal Sains, Matematika dan Terapan



Zero: Jurnal Sains, Matematika dan Terapan 0 493

where 1, and n,,, are the (weighted) sample counts in the left and right child nodes; n, is the (weighted) sample
count at node t; G(+) is defined in Equation (2); and AG (s, t) denotes the impurity decrease from split s at node
t. Majority-vote aggregation can be computed as in Equation (4).

B
$(x) = arg max kE{O,l}Z 1{h, (x) = k} (4)
b=1

where $(x) is the predicted class label; by, denotes the b-th tree; B is the number of trees; and 1{-} is the indicator
function (1 if the condition holds, 0 otherwise).

To determine which features are most important for classification, we use Mean Decrease in Impurity
(MDI) or how much on average a particular feature decreases the Gini impurity at each split for every tree in the
forest (equation 5). MDI i1s chosen because it is computationally fast, and it is consistent with how Random Forest
uses impurity based decision making in high-dimensional data. In order to help MDI be less sensitive to feature
cardinality and inter-feature correlation, we removed highly correlated features via correlation filtering and
normalized the reported importances to sum to one.

L1 3 n; -
IG(]) = E N AG(t) )
ho1 teTp:v(t)=j

where I(j) is the Gini-importance of feature j; 7 is the set of internal nodes of tree b; v(t) is the splitting
variable at node t; n; 1s the (weighted) number of samples reaching t; N 1s the total (weighted) number of training
samples; and AG (t) is the impurity decrease achieved at node t.

After generating predictions with the Random Forest, we computed Accuracy, Precision, and Recall at a
single decision threshold applied to the predicted probabilities. With the confusion-matrix notation TP (true
positives), TN (true negatives), FP (false positives) and FN (false negatives), the metrics are:

TP+TN

Vel = 6
Accu acy N ( )
(Si i re—— ( )
Precision 7

e — 8

Recall N ( )

In Random Forest, the probability score for the positive class 1s the average of the tree-wise probabilities,
where each tree’s probability equals the fraction of positive training samples in the terminal leaf reached by the
mstance.

To evaluate discrimination across thresholds, we used the Receiver Operating Characteristic (ROC) curve
and the Area Under the Curve (AUC). Definitions:

TP
= —m—---- 9
TPR TPI;I—PFN ©
= 10
FPR FP+TN 1o

AUC 1s the area under the ROC curve. In practice, we estimate it numerically using the trapezoidal rule over
ordered ROC points (x;, y;), where x; = FPR; and y; = TPR;:

k-1
4y
AUC = Z % (X1 — ;) (11
i

The ROC-AUC can also be interpreted as the probability that a randomly chosen positive mstance receives a
higher score than a randomly chosen negative instance [22]. The random baseline AUC is 0.5. Because our data
are highly imbalanced, we also report the Precision-Recall (PR) curve and PR-AUC, which are often more
informative for minority-class performance than ROC-AUC [23].

Therefore, the research methodology in this study utilizes not only technical aspects, but also consideration
of the quality of data, data processing, and transparent evaluation techniques. The novelty of this research 1s in
examining the role of variables of literacy in classifying the level of implications of numeracy at the level of the
school, using the data of the National Assessment, the consideration of the environment of learning and character
n 1t.
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3. RESULT AND ANALYSIS
8.1. Descriptive Statistics

A total of 15,842 junior high school (SMP) educational nstitutions participated in the 2023 National
Assessment. The sample size was determined using a government-determined sampling design for system-level
monitoring purposes. Educational institutions participating in the National Assessment included Junior High
Schools (SMP), Madrasah Tsanawiyah (MTs), Package B (equivalent non-formal education), Christian
Theological Junior High Schools (SMPTK), Salafi Wustha Islamic Boarding Schools (PPS Wustha), and Madya
‘WP (Islamic Junior High Schools). This demonstrates that the National Assessment encompasses not only public
and private formal schools but also religious and non-formal schools that offer educational programs equivalent
to grades 7-9.

The majority of institutions included in the sample are public junior high schools (SMP), with a total of
approximately 11,399. This represents approximately 72 percent of all institutions considered in this study. The
remaining institutions consist of religious institutions such as Madrasah Tsanawiyah (Islamic junior high schools)
and a small number of other non-formal and specialized educational institutions. Although the number of these
mstitutions 1s small, their inclusion provides valuable depth to the analysis as it illustrates the diversity and
complexity of the education system as expressed at the junior high school level in Indonesia. However, the
dominance of junior high schools is the primary reason why this study was conducted at this level of analysis.
Junior high schools are the most widespread type of school in the country and are therefore considered
representative of the general state of numeracy achievement for the formal junior high school system. This focus
1s policy-relevant: MDI-based feature importance 1solates actionable levers at the junior-high level. High-ranking
predictors, SES, literacy index, teacher support, and classroom environment, guide resource allocation and the
design of targeted professional development. Districts can operationalize these indicators within dashboards to
prioritize schools and track intervention impact. The junior-high focus narrows scope but increases actionability
for national decision-making and instructional design.
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Figure 1. Numeracy Score Distribution

A descriptive summary of junior high school students' numeracy achievement is shown in Figure 1. The
mean achievement was 60.44 with a standard deviation of 14.30. The lowest recorded score was 0.00 and the
highest was 100.00. This description is further clarified by using quartiles for the distribution, namely Q1 = 51.67,
Q2 = 61.44, and Q3 = 69.93. The interquartile range of 18.26 indicates that 50 percent of the group fell within
the achievement range between 51.67 and 69.93. Thus, the distribution of numeracy scores tends to be
concentrated in the group of schools with moderate to relatively high achievement. The distribution of numeracy
scores as seen n Figure 1 1s nearly symmetrical, as the difference between the median and mean is relatively
small. Therefore, the data are not extremely skewed. However, there are several outliers on the right and left
sides of the distribution. Some schools scored very low, even close to 0. Some schools scored very high, or even
close to the upper limit of 100.

The wide spread of numeracy results reflects differences in learning environments across regions in
Indonesia. This means that the resources students have access to likely vary significantly across schools.
Furthermore, the quality of teaching and other factors, such as the learning environment, can also influence
differences 1n student achievement. This finding aligns with previous research by Wulandari et al. [24], Yerizon
et al. [25], and Arw1 & Lestari [26], which showed that student achievement is influenced by various factors,
mcluding structural aspects and the context of their educational experiences. Some schools exhibit very low
numeracy levels, indicating significant obstacles to achieving equal educational opportunities for all students in
Indonesia. Conversely, the presence of schools with high numeracy achievements indicates the presence of
various supporting factors that can support the learning process and improve student outcomes.

Overall, the descriptive analysis presented provides a clear and in-depth picture of the state of numeracy
achievement at the junior high school level in Indonesia. The distribution of scores generally follows a normal
pattern, although there are extreme values at both ends of the distribution. In the classification modeling process,
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outlier values were retained to reflect significant differences in achievement between schools. This emphasizes
that efforts to improve educational quality must be tailored to the specific needs of each school. Therefore, it 1s
crucial to design targeted support programs for schools that have not yet achieved high achievement standards to
narrow the gap i education quality between educational units. Meanwhile, successful schools can serve as
examples of good practices that can be replicated more widely across Indonesia.

The variables used 1n this study encompass three main dimensions: background of the educational unit,
learning environment, and a student characteristics survey. The educational background dimension consists of
school type, curriculum, region type, region status, number of students, number of computers, number of
libraries, aid recipients, socioeconomic status, and literacy scores. This dimension serves as a basic indicator
representing the structural conditions and resources of schools, thus providing a starting point for explaining
differences in numeracy achievement.

The learning environment dimension encompasses various aspects reflecting instructional practices and
school climate, including learning enhancement, classroom management, literacy learning, numeracy learning,
gender equality, affective support, cognitive activation, student experiences, conceptions & efficacy, and programs
& policies. These variables represent contextual factors that directly and indirectly influence student learning
processes and outcomes, making them crucial in analyzing the determinants of numeracy achievement [24].

The dimensions of student character encompass values, attitudes, and non-cognitive competencies,
mcluding faith & piety, mutual cooperation, creativity, critical thinking, global diversity, independence, inclusive
climate, and external support. This dimension is important because numeracy competency development is
mfluenced not only by academic factors but also by affective and sociocultural aspects that shape students' learning
attitudes and resilience [25].

Table 2. Correlation Between Independent Variables and Dependent Variables

Variabel Numeracy Variabel Numeracy Variabel Numeracy
SCOI'ﬂ score score
School type 0.0046  learning 0.1524 belief in 0.4246
nnprovemem (11\'61‘ Slly
curriculum 0.2367 classroom 0.2531 inclusive 0.3960
managemem clunale
region type 0.1829 literacy learning 0.1845 external 0.2660
support
area status -0.2616 “1‘;;1;2;;‘ 0.1203 faith & piety 0.4706
total students 0.3028 gender equality 0.4419 mutual 0.4593
cooperallon
total computers 0.0440 affective support 0.2810 creativity 0.3017
total libraries 0.0778 cognitive 0.9917 critical thinking ~ 0.3892
activation
recipients of 0.2198 student 0.4730 global diversity  0.2930
assistance experience
socloeconomic 0.2544 conce ption & 0.3110 independence 0.3684
efficacy
literacy score 0.7115 programs & 0.3793
policies

Based on the correlation analysis shown in Table 2, it can be seen that the strength of the relationship
between the independent variables and numeracy achievement varies. Some of these variables, such as student
experience (r = 0.4730), faith & piety (r = 0.4706), and literacy score (r = 0.711J5), are correlated with numeracy
achievement, so these variables need attention to improve numeracy. However, some of these variables, such as
school type (r = 0.0046), total computers (r = 0.0440), and total libraries (r = 0.0778), have very low correlations
(r <0.1), indicating that these variables need to be considered for removal during the feature cleaning stage to
minimize information gain.

Although Random Forest is generally tolerant of multicollinearity, there are situations where
multicollinearity (highly correlated predictor pairs, e.g., |r| > 0.90) can lead to decreased model stability, less
accurate feature importance estimates, and redundant information between features. Therefore, to address these
issues and improve model reliability and effectiveness, correlation-based filtering methods are applied to remove
predictors with high correlations with each other. Predictors with high correlations were removed to eliminate
multicollinearity between variables and improve model efficiency and accuracy, leaving only those predictors that
significantly contribute to predicting numeracy achievement. This approach not only improves the technical rigor
of the predictive model but also provides the context needed to formulate effective, data-driven education
policies.
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3.2. Classificaion Model Analysis

The data collected to compare the performance of the two models (without literacy and with literacy) clearly
shows significant differences. For the baseline model, the model without literacy, accuracy reached 82.97% and
precision reached 0.8838. Recall and F1 scores reached 0.8748 and 0.8793, respectively. When the model used
literacy scores, we found that each performance measure experienced changes in the same direction and at the
same rate; accuracy increased to 90.009% and precision increased to 0.9292, recall increased to 0.9298, and the
F1 score increased to 0.9295. Meanwhile, the ROC AUC changed from 0.8986 to 0.9609. The increase in the
ROC AUC value indicates that the model is better able to distinguish educational entities that are above and
below the minimum level of numeracy competency. The results of the comparative study can be seen in Table
3.

Table 3. Comparison of Model Performance
Model Accuracy Precision Recall Fl-score ROCAUC

Without literacy scores  0.8297 0.8838  0.8748  0.8793 0.8986
‘With literacy scores 0.9000 0.9292  0.9298  0.9295 0.9609

Although the data distribution indicates improved performance, the national average numeracy score of
60.44 remains low compared to international standards. This may reflect differences in the difficulty of
assessment instruments. National assessments, which measure achievement of minimum competencies required
by the national curriculum, tend to use simple items. International assessment instruments such as the
Programme for International Student Assessment (PISA), assess numeracy in complex, cross-cultural, real-life
situations that require higher-order thinking skills [25], [27]. This clearly indicates that although a significant
number of schools in Indonesia have passed national standards, graduates' preparedness for international
numeracy situations remains somewhat limited. Therefore, policies to improve numeracy should not only
address national standards but also focus on the application of numeracy to real-life problems, as reflected in the
PISA framework.
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Figure 2. Important Features of the Baseline Model (Without Literacy)
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Figure 3. Important Features of the Literacy-augmented Model

Identifying the most influential variables in explaining outcomes 1s crucial, as it allows for the design of more
specific interventions. The key features of the model without literacy are shown in Figure 2, while the key features
of the model with literacy are shown in Figure 3. Findings related to the key features in Figures 2 and 3 indicate
that the order of dominance of the variables exhibits a different pattern between the two models. In the case of
the model using literacy, literacy scores were identified as the most dominant predictor, with a significantly greater
weight than other variables. This is consistent with the previously drawn conclusion that literacy serves as the basis
for classifying educational units as above or below a minimum level of numeracy competency. Internationally,
the close relationship between literacy and numeracy has been well documented, showing that literacy
competency, reading confidence, and reading learning conditions are significant contributors to performance in
mathematics and science education [28]. Therefore, it 1s crucial that programs designed to address numeracy
complement programs that address the literacy strengthening dimension in both instructional and curriculum
Integration.

In addition to literacy, a number of non-academic variables are also ever-present as important predictors in
both models. The variables faith & piety come in second after literacy as predictors in the model with literacy,
and even become the chief predictors in the model without literacy. The connection of religiosity to academic
achievement 1s explained by more discipline, intrinsic motivation, and responsibility for learning. That 1s, the
education of character and moral values are viewed as laying a foundation for consistent and responsible modes
of learning behavior [29].

The variable of student experience emerges, too, as an important variable. Student involvement, active
learning, hands-on opportunities for practice and opportunities for problem-solving are closely linked to
numeracy achievement. Experiential learning theory posits that authentic learning experiences allow students to
tie abstract mathematical concepts to real-world experience and enhance their understanding of problem-solving
skills they already have. Other studies indicate that this experiential learning enhances concept retention and
critical thinking [30].

Additionally, gender equity has become an mmportant predictor variable, although of somewhat lesser
weight. Its consistency of emergence indicates that gender equity in the learning process is influential in numeracy
achievement. The OECD report indicates that gender bias in access and classroom experiences can impact PISA
results, and gender gap studies indicate that when access and opportunities for learning become equal, the gender
gap in mathematics practically disappears [31].

Lastly, total students are another important variable. Too many students create situations where the teacher-
student interaction is impaired, and not enough individual attention 1s given. The size of classes can have an effect
on the participation from students and teacher-student interaction, while small classes create an environment
where individual attention can be improved and teaching activities can be more productive [32].

In addition to these predominant variables, variables such as programs & policies, learning climate, diversity
climate, safety environment and teacher reflection also appear, but with lesser weight. Effective leadership in
implementing programs and policies in schools has a positive impact on the learning process. while the inclusive
classroom learning climate can generate improved student participation [33]. It is seen that although the impact
1s of lesser weight than literacy or religiosity, these variables are stll significant in forming a learning eco-system
that 1s favorable for numeracy.
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The results of the importance of these variables in this section show that numeracy achievement is impacted
by a combination of academic (literacy score) and non-academic (faith & piety, student experience, gender equity,
total students) variables. Background variables such as leadership, school climate and teacher reflection, although
of lesser weight, are nevertheless significant in forming a holistic and effective learning environment for numeracy.

4. CONCLUSION

This study demonstrates the effectiveness of the Random Forest Algorithm in determining the numeracy
performance of junior high school students in Indonesia, based on data from the 2023 National Assessment
mvolving 11,399 schools. Furthermore, two different models were constructed to compare the effect of using
literacy as a variable in determining the model's classification accuracy. The results indicate that including literacy
as a variable increases the overall classification accuracy from 82.97 percent to 90.00 percent, and the ROC-AUC
value increases from 0.8986 to 0.9609. Through feature importance analysis, it was found that the strongest
predictors of student numeracy include literacy, religiosity, learning experience, gender equality, and class size.

In other words, the findings of this study indicate that students' numeracy abilities are influenced by various
cognitive and non-cognitive factors derived from the learning environment and social dynamics within each
school. Furthermore, the methodological approach in this study demonstrates that integrating variables from
various domains within a data-driven framework enables more accurate predictions and supports the
development of more targeted and evidence-based education policies.

Based on the research findings and literature review, we propose three main recommendations. First, the
government should prioritize the development of an integrated curriculum that supports literacy and numeracy
development. Second, education policies should emphasize efforts to promote gender equality and enrich
students' learning experiences through contextual approaches aligned with the social realities of the school
environment. Third, data collected through the National Assessment process should continue to be utilized to
design data-driven interventions in schools and to distribute educational resources fairly and equitably. However,
several other considerations need to be considered when interpreting the results of this study. For example,
because this study used cross-sectoral data at the school level, it does not provide information on student progress
from year to year or the long-term impact of school-based interventions. Furthermore, this study did not conduct
longitudinal validation of the model, so its stability over ime has not been tested. Therefore, future research is
recommended to use a longitudinal approach to assess student numeracy growth and the sustained impact of
data-driven policies on learning outcomes in schools. Finally, this study contributes to the development of
educational policies that utilize data as a basis for decision-making processes, as well as to the development of
policies that fairly integrate literacy and numeracy according to the social context in which the policies are
implemented.
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