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Abstract.

Purpose: This study evaluates and compares the forecasting performance of traditional statistical methods (Simple
Moving Average and ARIMA) and a machine learning approach (Random Forest) in predicting student applicant
numbers across multiple study programs at XYZ University for 2024-2026. The objective is to identify the most
accurate model to support data-driven strategic planning and enrollment management.

Methods: A quantitative comparative forecasting design was applied using historical admission data from 2018-2023.
Three models SMA, ARIMA, and Random Forest were implemented and assessed using Mean Absolute Percentage
Error (MAPE), Mean Absolute Deviation (MAD), and Mean Squared Error (MSE). Model robustness was evaluated
across several study programs with different growth patterns.

Result: The findings reveal an overall upward enrollment trend, particularly in Management and Informatics
Engineering. Random Forest achieved the highest predictive accuracy, with MAPE values ranging from 6.17% to
17.95%, outperforming ARIMA (17.95%-33.13%) and SMA (14.5%-28.25%). The results indicate that Random
Forest more effectively captures complex and non-linear enrollment dynamics.

Novelty: This study provides a systematic multi-program comparison between classical time-series models and a
machine learning approach within a single institutional context. It demonstrates the superior robustness of Random
Forest and supports integrating machine learning—based forecasting into higher education information systems for
improved strategic decision-making.

Keywords: Enrollment forecasting, Comparative modeling, Time series and machine learning, Forecast accuracy,
Higher education data
Received February 2026 / Revised April 2026 / Accepted April 2026

This work is licensed under a Creative Commons Attribution 4.0 International License.

INTRODUCTION

New student admissions are a strategic imperative for ensuring the sustainability and competitiveness of
higher education institutions (HEIs). Applicant numbers reflect institutional reputation, program
attractiveness, and marketing effectiveness [1]. In dynamic educational systems such as Indonesia,
enrollment demand fluctuates due to demographic changes, economic conditions, and regulatory policies,
creating uncertainty in institutional planning [2]. Consequently, accurate forecasting models are essential
to support evidence-based strategic management.

Globally, HEIs increasingly adopt predictive analytics to improve financial planning, human resource
allocation, and infrastructure management [3], [4] . In Indonesia, although the number of active university
students reached 8-9 million between 2020-2024 [5], participation remains disproportionately low
compared to the productive-age population [6]. Competitive admission processes, such as the 2025 SNBP
selection where 776,515 applicants competed for 181,425 seats [7], further emphasize the importance of
reliable forecasting mechanisms [8].

Current research shows many approaches to predicting educational outcomes, each with its own goals, data,
and analysis methods. Researchers have used classical time-series models to analyze educational data.
Ahmad [9] applied the ARIMA method to predict university rankings in the United Arab Emirates, using
several years of past data. The goal was to give higher education administrators a reliable way to anticipate
future rankings. The results showed that ARIMA works well when trends are stable and consistent, but it
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is less effective when there are major changes in the data. The study found that ARIMA performs well
when data trends are stable but becomes less reliable when significant changes occur.

This limitation is also highlighted in broader information systems research, which emphasizes the
importance of using more flexible and data-driven models to support decision-making. As discussed in
previous studies, relying only on traditional statistical methods may not be sufficient to capture the
complexity of educational data [10].

Recent studies increasingly employ ensemble machine learning methods to address the complex and non-
linear characteristics of student data. Brahma, Rajendra, and Sula [1] examined data-driven frameworks for
analyzing enrollment trends and informing educational policy [11]. Their research utilized institutional
datasets containing applicant information and enrollment outcomes to enhance evidence-based planning in
higher education. The authors advocated for the adoption of predictive methods that uncover complex
relationships among variables, rather than relying solely on descriptive analyses [12].

Tapio and Tarepe compared a standalone Random Forest model with a hybrid ARIMA-Random Forest
approach to forecast student enrollment [13]. Their goal was to see if combining a traditional time-series
model with ensemble learning would improve forecast accuracy. Using higher education enrollment data,
they found that the hybrid model gave only slight improvements in some cases. Overall, the Random Forest
model alone was more robust and stable, especially when enrollment numbers changed in ways that could
not be explained by simple linear trends.

Asselman, Khaldi, and Aammou provide further support for tree-based ensemble techniques by examining
the XGBoost algorithm to predict student academic performance. Although their dependent variable
differed from applicant volume, their methodological approach to educational datasets yields valuable
insights [14], [15]. The researchers analyzed student interaction logs and demographic data to improve
early warning systems and pedagogical interventions [16]. Their findings reinforce the broader argument
that ensemble methods are effective in addressing the noise and non-linear interdependencies inherent in
educational data.

The work of Liu, Schenk, Braun, and Frey most directly informs the design of the present study. They
developed a machine learning framework to guide student admission decisions, utilizing applicant profile
data and historical acceptance records. A key methodological observation from their research concerns the
challenges of limited temporal data [17]. They argue that when historical data are constrained, conventional
strategies such as partitioning into separate training and testing subsets may not be methodologically sound
or feasible. This insight directly informs the evaluation approach adopted in this study.

Despite these scholarly contributions, the literature lacks a systematic and directly comparable evaluation
of traditional statistical benchmarks, such as Simple Moving Average and ARIMA, against ensemble
machine learning approaches using a unified institutional dataset disaggregated by individual study
programs [18], [19]. Most existing research focuses on a single forecasting method or evaluates model
performance using aggregated, institution-wide totals, which obscures program-specific demand
fluctuations [20], [21]. This study addresses this gap by conducting a rigorous, multi-program comparative
assessment within a single institutional context.

METHODS

This study uses a quantitative predictive approach with three forecasting methods: Simple Moving Average
(SMA), Auto Regressive Integrated Moving Average (ARIMA), and Random Forest. Computations were
performed in Python on Google Colaboratory, and historical data was stored in Microsoft Excel. The dataset
includes annual new student admission records from XYZ University for 2018 to 2024.

Data preprocessing involved format standardization and validation to ensure consistency. Because of the
dataset's limited temporal range [22], [23], splitting into training and testing subsets was unnecessary.
Model evaluation compared predictions directly to actual values for each year.

Simple moving average (SMA)

The SMA method was applied as a baseline model to smooth historical fluctuations by averaging values
over a fixed window [24] . The SMA calculation is represented as:
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M; : is the moving average at period t

Fu : is the forecasted value for the next period
t+ 1 Xt : is the actual value at period t

n : is the window length

The SMA function was implemented using the pandas and numpy libraries in Google Colab.

Auto regressive integrated moving average (ARIMA)
ARIMA was utilized as a statistical time series model capable of handling historical dependencies through
autoregressive and moving average components. [2], [25] Its generalized representation is:

Cl)t(B)VdZt = p+ & - eq(B) (o )
Z; : is the observed value at time t
O : is the autoregressive (AR) polynomial in the backshift operator B
8q : is the moving average (MA) polynomial in the backshift operator B
B : is the backshift operator
d : is the differencing order to achieve stationarity
u : is the constant parameter
& : is the residual or error at time t
p : and q represent the AR and MA orders, respectivel

Random forest

Random Forest was implemented as an ensemble-based regression model, where the final prediction is
derived from aggregating multiple decision trees. Feature selection within each tree relies on entropy,
defined as [16], [26]:

Entropy (Y) = =Zip(Y)Log?p(Y) 3)

Y : is the target or output variable
P(cl]Y) :is the probability of class ¢ occurring in Y
Log? :denotes the base-2 logarithm used in the entropy calculation

Model evaluation

Model accuracy was assessed using three standard metrics: Mean Absolute Percentage Error [4]. To assess
the accuracy of the forecasting models, this study employs three widely used error metrics: Mean Absolute
Percentage Error (MAPE), Mean Absolute Deviation (MAD), and Mean Squared Error (MSE). These
metrics are commonly used in recent forecasting and machine learning studies to provide a comprehensive
evaluation of prediction performance from different perspectives [27].

MAPE measures the average percentage difference between predicted and actual values. It expresses the
error in relative terms, allowing easy interpretation and comparison across different datasets or study
programs. A lower MAPE value indicates better predictive accuracy. MAD represents the average of the
absolute differences between predicted and actual values. It reflects the magnitude of forecasting errors
without considering their direction. MAD is less sensitive to extreme values compared to MSE, making it
suitable for evaluating general model performance. MSE calculates the average of the squared differences
between predicted and actual values. By squaring the errors, MSE assigns greater weight to large deviations,
making it effective for identifying models with significant prediction errors [28]. The use of these three
metrics provides a balanced evaluation framework. MAPE offers a relative measure of error, MAD
indicates average absolute deviation, and MSE emphasizes large errors. Therefore, their combination
enables a more robust comparison of the forecasting performance of SMA, ARIMA, and Random Forest
models [29].
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Mean Absolute Deviation (MAD), and Mean Squared Error (MSE), formulated as:
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Description:

A; : Actual number of applicants at period ¢

F, : Forecasted number of applicants at period ¢
n : Total number of observations / periods

h) : Summation across all periods (=1 to n)

“)

(6]
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Figure 1 presents the research flowchart, which outlines the systematic stages undertaken in this study. The
process commences with problem identification and objective formulation, followed by the collection and
preprocessing of historical enrollment data. Next, three forecasting methods Simple Moving Average
(SMA), Autoregressive Integrated Moving Average (ARIMA), and Random Forest are implemented in
parallel [30]. The forecasting results from each model are evaluated using the Mean Absolute Percentage
Error (MAPE) and Mean Absolute Deviation (MAD) metrics. The final stage involves analyzing the results,
drawing conclusions regarding the most effective method, and providing recommendations for future
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Based on the forecasting results using the Simple Moving Average (SMA) method, the predicted number
of applicants for the 2024—2026 period in each study program is presented in Figure 2.
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Figure 2 illustrates the comparison of predicted numbers of applicants for each major using the Simple
Moving Average (SMA) forecasting method for the years 2024, 2025, and 2026. The chart shows that the
Management program consistently has the highest projected number of applicants, increasing from
approximately 501 in 2024 to 644.8 in 2026. The Information Technology (TI) and Primary School Teacher
Education (PGSD) programs also show a steady upward trend over the three years. In contrast, majors such
as Mechanical Engineering, Electrical Engineering, and Visual Communication Design (DKV)
demonstrate relatively stable or slower growth rates. Overall, the figure indicates a positive trend in
applicant numbers across most programs, with particularly significant increases in Management and
Information Technology, suggesting these fields remain the most attractive to prospective students.

Autoregressive integrated moving average (ARIMA)

The prediction results of the number of applicants using the ARIMA (Autoregressive Integrated Moving
Average) method show a growth trend in applicant numbers from 2024 to 2026 across all study programs.
Based on the prediction outcomes, each program exhibits a distinct tendency in the rate of increase in
applicant numbers from year to year, as illustrated in Figure 3.

Comparison of Predicted Number of Applicants per Department (ARIMA Model)
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Figure 2. Comparison of predicted number of applicants for majors (ARIMA)

Figure 3 illustrates the predicted number of applicants for each study program based on the ARIMA
forecasting model for the years 2024—2026. The Management program demonstrates the highest projected
applicant growth, increasing from 818.95 in 2024 to 1,056.65 in 2026, indicating a strong and consistent
upward trend. The Informatics Engineering (TI) and Primary School Teacher Education (PGSD) programs
also show notable increases, from 429.33 to 523.39, and 351.86 to 449.35, respectively. Moderate growth
patterns are observed in Information Systems, Civil Engineering, and Law, with steady increments each
year. In contrast, Electrical Engineering and Accounting show relatively small changes over the period,
indicating more stable applicant interest. Overall, the ARIMA model successfully captures a positive
growth trajectory for all study programs, reflecting its ability to model realistic future trends based on
historical data. These forecasts can support strategic planning for student admissions, departmental capacity
management, and institutional resource allocation.

Random forest

This graph displays the forecasted number of applicants for each study program based on the Random
Forest model over the years 2024 to 2026. The results indicate that the Management program consistently
has the highest predicted number of applicants, with a stable value around 665 across all three years.
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Comparison of Predicted Number of Applicants for Majors (Random Forest)
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Figure 4. Comparison of predicted number of applicants for majors (random forest)

The Informatics Engineering (TI) and Primary School Teacher Education (PGSD) programs also show
strong performance, maintaining relatively high applicant numbers of about 371 and 375, respectively.In
contrast, programs such as Mechanical Engineering, Electrical Engineering, and Visual Communication
Design (DKV) display lower but stable applicant numbers throughout the forecast period. Meanwhile,
Information Systems, Accounting, and Law demonstrate moderate levels of demand, showing minimal
fluctuations over the years. Overall, the Random Forest model produces consistent and stable predictions,
suggesting that the number of applicants for each program is expected to remain relatively steady between
2024 and 2026. This stability indicates that Random Forest effectively captures non-linear patterns in

historical data while maintaining balanced forecasting outcomes.

Comparative analysis of forecasting models
A comprehensive comparison of the three forecasting models is presented in Table 1, which summarizes
the projected applicant numbers across all study programs for the 2024—2026 period.

Table 1. Comparison of predicted number of applicants per study program (2024-2026)

Study Program Model 2024 2025 2026 Trend

SMA 501.0 572.9 644.8 Increasing
Management ARIMA 818.95 937.80 1056.65 Strongly increasing

Random Forest  665.0 665.0 665.0 Stable

SMA 385.2 425.6 466.0 Increasing
Information Technology ARIMA 42933 47636 523.39 Increasing

Random Forest  371.0 371.0 371.0 Stable

SMA 330.1 361.2 392.3 Increasing
PGSD ARIMA 351.86  400.61 449.35 Increasing

Random Forest  375.0 375.0 375.0 Stable

SMA 2453 267.8 290.3 Moderately increasing
Information Systems ARIMA 267.45 289.60 311.75 Moderately increasing

Random Forest  260.0 260.0 260.0 Stable

SMA 210.5 225.7 240.9 Moderately increasing
Civil Engineering ARIMA 225.80 242.15 258.50 Moderately increasing

Random Forest  218.0 218.0 218.0 Stable

SMA 195.2 208.4 221.6 Moderately increasing
Law ARIMA 210.30  225.45  240.60 Moderately increasing

Random Forest  205.0 205.0 205.0 Stable

SMA 180.4 190.2 200.0 Slowly increasing
Accounting ARIMA 190.50 195.75 201.00  Relatively stable

Random Forest  188.0 188.0 188.0 Stable

SMA 150.3 155.8 161.3 Slowly increasing
Mechanical Engineering ARIMA 160.20 165.40 170.60 Slowly increasing

Random Forest  152.0 152.0 152.0 Stable

SMA 140.1 143.5 146.9 Relatively stable
Electrical Engineering ARIMA 14530 147.80 150.30  Relatively stable

Random Forest  142.0 142.0 142.0 Stable

SMA 130.5 133.2 1359 Relatively stable
DKV ARIMA 13540 138.10 140.80 Relatively stable

Random Forest  133.0 133.0 133.0 Stable
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As shown in Table 1, each forecasting model produces distinct projection patterns. ARIMA consistently
generates the highest growth trajectories, particularly for high-demand programs such as Management and
Information Technology, reflecting its sensitivity to historical trend components. Random Forest produces
the most stable predictions, with minimal year-to-year variation across all programs, characteristic of
ensemble methods that prioritize variance reduction. SMA demonstrates moderate increasing trends, falling
between the two other models, with occasional fluctuations due to its equal-weighting of historical
observations.

Table 2. Comparative evaluation of forecasting models across study programs

SMA ARIMA RF Best Model
Study Program
MAPE MAD MSE MAPE MAD MSE MAPE MAD MSE

System Informasi 21.39  37.58  1946.64 27.07 4299 218947 832 10.06 143.61 RF
DKV 1592 21.67 696.61 23.04  29.25 995.02 7.38 793 80.42 RF
Informatic Engginering 24.11 6842  5098.64 18.83  49.19 321783  6.17 13.51 269.91 RF
Civil Engginering 15.00 1.27 42.98 17.95  27.89 904.32 7.21 8.56  120.67 RF
Mechanical Engginering 1450 15.08 33442 19.69 19.28 474.67 6.31 5.88 4530 RF
Electrical Engginering 19.11 1542 32447 20.43  14.85 388.23 7.36 4.07  37.29 RF
Acounting 25.04 4423  2276.50 24.04 3489 127333 943 940 118.07 RF
PGSD 29.63  58.58  3661.64 30.15  43.01 2300.50 14.17 1540 35237 RF
Management 28.25 13533 18898.06  20.45 67.48 5580.83 13.59 30.82 1166.70 RF
LAW 27.68 48.50 2883.67 33.13  43.18 2758.87 17.95 13.32 35530 RF

The comparative results show consistent performance differences across the three forecasting models.
Random Forest achieved the lowest MAPE, MAD, and MSE values in all study programs, indicating
superior predictive accuracy. For instance, in Information Systems, Random Forest reduced the MAPE to
8.32%, compared to 21.39% (SMA) and 27.07% (ARIMA). Similar patterns were observed across
engineering, business, and education programs, where Random Forest maintained error values generally
below 15%, while SMA and ARIMA produced higher and more variable errors. Although programs such
as Management, PGSD, and Law exhibited higher volatility, Random Forest still outperformed the classical
time-series methods. Overall, the findings confirm that Random Forest is more effective in capturing
complex and non-linear enrollment patterns, making it a reliable approach for data-driven strategic planning
in higher education institutions.

Applicant Growth Trends by Forecasting Model (2024-2026)
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Figure 5. Multi-model enrollment forecasting results for 20242026

Figure 5 presents the projected applicant growth trends for 2024-2026 using SMA, ARIMA, and Random
Forest models, showing consistent upward patterns across all study programs with varying magnitudes. The
SMA model generates relatively stable and moderate increases, reflecting its smoothing nature that
minimizes fluctuations but may underestimate dynamic changes. In contrast, ARIMA produces steeper
growth trajectories, particularly in Management and Informatics Engineering, indicating stronger trend
extrapolation but potential sensitivity to historical pattern amplification. Meanwhile, Random Forest
demonstrates more adaptive behavior, capturing sharper increases in certain programs especially
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Informatics Engineering followed by stabilization, suggesting its ability to model non-linear and complex
enrollment dynamics. Comparatively, SMA appears more conservative, ARIMA more trend-driven, and
Random Forest more responsive and flexible, highlighting the importance of selecting an appropriate
forecasting model for strategic enrollment planning and institutional decision-making.

Discussion

The outcomes presented in the preceding section warrant a more nuanced interpretation when
contextualized with findings from prior research. Rather than simply noting that Random Forest achieved
lower error rates, it is necessary to consider whether this pattern of superiority persists across diverse
educational datasets and methodological approaches reported in the literature.

A relevant point of comparison is the study by Tapio and Tarepe [13], which evaluated Random Forest
against a hybrid ARIMA-Random Forest model for student enrollment forecasting. Their findings indicated
that, although hybrid models sometimes capture subtle temporal patterns, the standalone Random Forest
model consistently provided greater stability when applied to enrollment data lacking a clear linear trend.
The present study corroborates this observation. For example, across the three programs analyzed, ARIMA
projections for Management studies increased sharply from approximately 819 to 1,057 applicants over
three years. While theoretically plausible, this steep upward trend appears inconsistent with the more
moderate growth observed in historical data. In contrast, Random Forest produced a steadier forecast of
665 applicants over the same period, indicating that ensemble methods may be less susceptible to projecting
recent trends into unrealistic future scenarios.

The capacity of machine learning methods to reduce overfitting in small, volatile datasets has been
documented in previous research. Liu, Schenk, Braun, and Frey [17], in their study on student admission
decisions, cautioned against the uncritical use of models that assume linear continuity when data generation
processes are influenced by policy changes, demographic shifts, or institutional reputation. Their focus on
model robustness rather than mathematical complexity aligns with the findings of the present study. For
instance, the SMA model generated forecasts that were directionally plausible but overly sensitive to recent
data points, a limitation commonly recognized in basic smoothing techniques when applied to series with
structural breaks.

The rationale for employing ensemble tree-based models in educational research extends beyond
enrollment forecasting. Asselman, Khaldi, and Aammou [14] demonstrated that algorithms such as
XGBoost, which share core ensemble features with Random Forest, are effective at modeling the complex,
often non-linear relationships present in student data. Although their study focused on academic
performance rather than applicant numbers, the underlying statistical challenge remains similar: educational
outcomes are seldom the result of simple additive processes. The superior performance of Random Forest
in the present study, with MAPE values between 6.17% and 17.95%, provides empirical support for the
argument that the flexibility of decision tree ensembles offers a significant advantage in modeling the
multifaceted dynamics of student demand.

It is important to note, however, that the observed superiority of Random Forest should not be viewed as
an unequivocal endorsement of machine learning over all statistical alternatives. The performance of
ARIMA, for example, may improve with access to longer historical data or in contexts where enrollment
patterns display strong, predictable seasonality. Nonetheless, given the constraints of the six-year dataset—
a limitation common in institutional research Random Forest achieved the most appropriate balance
between model fit and forecast stability. This result is consistent with a growing consensus in higher
education analytics literature that ensemble methods provide a practical approach to resilient enrollment
planning when data are limited and future conditions are unlikely to mirror the past.

CONCLUSION

This study demonstrates that the application of machine learning techniques, particularly Random Forest,
yields substantially higher forecasting accuracy compared to conventional time-series approaches in
predicting student admissions. Empirical evaluation across ten study programs reveals that Random Forest
achieved MAPE values ranging from 6.17% to 17.95%, whereas SMA produced errors between 14.50%
and 29.63%, and ARIMA ranged from 17.95% to 33.13%. In relative terms, Random Forest reduced
forecasting error by approximately 40-60% compared to SMA and 45-65% compared to ARIMA,
depending on the volatility characteristics of each program. Although SMA and ARIMA remain
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theoretically sound for modeling linear trends and seasonal components, their predictive stability weakens
in the presence of structural growth shifts and non-linear enrollment dynamics, particularly in programs
such as Management, PGSD, and Law. The graphical trend comparison further substantiates these findings,
showing that Random Forest generates projections that are both adaptive and resistant to excessive
fluctuation. Collectively, these results affirm the methodological advantage of ensemble-based learning in
higher education forecasting and underscore its strategic relevance for strengthening evidence-based
planning, optimizing institutional resource allocation, and enhancing long-term enrollment management
decisions.

This study is limited by a short six-year dataset, a model that omits external predictors, and a narrow focus
on three programs at one institution. Future research should incorporate longer timeframes, multiple
universities, additional ensemble methods, and a closer look at both user interpretation and algorithmic
fairness.
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