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Abstract  

Anticipating outpatient demand can support hospital planning, although forecasts based on 
short and fluctuating annual series require cautious interpretation. This study aimed to 
develop a transparent baseline projection of outpatient visits at RSU Ananda Purwokerto 
using simple linear regression. The analysis used eight annual aggregate observations from 
2018–2025; the 2025 value represented visits from January through October, whereas the 
preceding observations covered complete calendar years. Calendar year was used as the 
predictor and outpatient visits as the outcome. Manual calculations were compared with the 
Linear Regression output in RapidMiner, and in-sample fit was evaluated using the Mean 
Absolute Percentage Error (MAPE). The fitted model produced a slope of -2,103.57 visits 
per year and projected 62,590 visits in 2026, declining to 54,176 in 2030. However, the slope 
was not statistically significant (p = .369), and the model explained only 13.6% of the 
observed variation (R² = .136). The in-sample MAPE was 15.66%, which met the study's 
descriptive “good” category but did not constitute independent validation of future forecast 
accuracy. Therefore, the projections should be interpreted as preliminary baseline scenarios 
rather than certain future totals. The model may support initial operational discussion, but 
decisions should also consider current hospital information and should be updated using 
complete, preferably monthly, observations. 
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Introduction 

Hospitals are healthcare institutions that must maintain service quality while using limited 
human, physical, and financial resources efficiently. Outpatient services are particularly important 
because they often represent the first point of contact between patients and a hospital, generate a 
substantial share of routine service activity, and influence the workload of registration units, 
clinics, pharmacies, laboratories, and medical record units. The quality of these services depends 
not only on clinical competence but also on management's ability to anticipate demand and 
allocate resources at the appropriate time (Setiatin & Syahidin, 2021; Wardani et al., 2024). 
Outpatient utilization may also differ according to access and equity conditions across service 
settings (Areru et al., 2021). For this reason, the number of outpatient visits is a relevant 
operational indicator for planning personnel, facilities, medicines, appointment schedules, and 
administrative support. 

Variation in outpatient visits can create operational pressure when hospital capacity does not 
match patient demand. When visits increase unexpectedly, healthcare workers may experience 
heavier workloads, waiting times may lengthen, and the risk of delays or administrative errors 
may increase (Barsasella & Faturohmi, 2025; Ratumurun & Manik, 2025). When visits decline, 
hospitals may face underused personnel, rooms, and supporting facilities, which can reduce 
operational efficiency. Demand forecasting therefore provides management with an evidence-
based reference for balancing service capacity and expected utilization. Forecasts are not intended 
to eliminate uncertainty; rather, they help decision makers prepare alternative staffing, scheduling, 
and resource-allocation strategies before changes in demand occur (Subramanian, 2021). 
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RSU Ananda Purwokerto is a general hospital located in West Purwokerto and serves 
patients from Purwokerto and surrounding areas. Its outpatient visit records show substantial 
year-to-year variation. The hospital recorded 65,756 visits in 2018 and 83,319 visits in 2019, 
before the COVID-19 pandemic. Visits then reached 84,499 in 2020 and 89,287 in 2021, declined 
to 68,750 in 2022, and fell further to 45,031 in 2023. Hospital records indicate that the 2023 
decline coincided with the termination of cooperation with BPJS Kesehatan. Visits subsequently 
increased to 69,771 in 2024, while the recorded value for 2025 reached 70,039 through October 
(RSU Ananda Purwokerto, 2025). These figures illustrate a pattern that is neither consistently 
increasing nor consistently decreasing. 

The observed variation occurred across several distinct contexts: the pre-pandemic period, 
the COVID-19 period, the post-pandemic recovery period, and the period following a change in 
BPJS cooperation. These contexts are relevant when interpreting the data because healthcare 
utilization can change when access arrangements, service availability, population behavior, or 
health-financing policies change. However, the historical coincidence between a change in visits 
and a particular event does not by itself establish a causal effect. In the present study, year is the 
only explanatory variable in the regression model. Consequently, COVID-19 conditions and the 
change in BPJS cooperation are treated as contextual information rather than variables whose 
effects are statistically estimated. This distinction is necessary to prevent the forecast from being 
interpreted as a causal evaluation of hospital policy. 

The development of hospital information systems and data analytics enables routinely 
collected visit records to be used for planning rather than solely for administrative reporting. 
Historical visit data can reveal general tendencies and provide an initial estimate of future service 
volumes, while modern health analytics can extend this role through data-mining and machine-
learning decision support (Beam & Kohane, 2018; Fernandes Prabhu et al., 2025; Haryanto et al., 
2024). Studies of patient-arrival forecasting have applied regression, statistical time-series, 
machine-learning, and hybrid approaches, with model choice depending on data frequency, local 
demand patterns, available predictors, and the planning objective (Jiang et al., 2023; Wargon et 
al., 2009). Jones et al. (2008), for example, compared methods for forecasting daily emergency-
department volume. Luo et al. (2017) combined autoregressive integrated moving average and 
simple exponential smoothing models to forecast daily outpatient visits. Huang et al. (2020) 
developed a hybrid approach combining ARIMA and adaptive filtering, while Yu et al. (2017) 
used decomposition and an artificial neural-network ensemble. Large forecasting comparisons 
likewise show that no single method is uniformly superior across all series (Makridakis et al., 
2018). 

Simple linear regression is one of the most accessible methods for describing a directional 
relationship between time and service volume. In this approach, time is used as the independent 
variable and the number of visits as the dependent variable. The slope summarizes the average 
change in visits for each additional time period, while the fitted equation can be extended to 
produce baseline projections. The method is transparent, computationally simple, and easy for 
hospital managers to interpret. These characteristics make it useful when the objective is to 
construct an initial trend-based forecast and when the available dataset is limited. The model can 
also be reproduced manually and checked using analytical software such as RapidMiner, thereby 
making the calculation process easier to communicate to nontechnical decision makers. 
Nevertheless, reproducible software implementation should be distinguished from evidence of 
predictive validity, and scalable forecasting practice still requires appropriate model evaluation 
(Taylor & Letham, 2018). 

Nevertheless, ease of application does not guarantee that a linear model adequately 
represents hospital demand. Outpatient visits may contain nonlinear trends, seasonal variation, 
temporary shocks, and structural changes. A simple regression on time does not explicitly model 
autocorrelation, seasonality, or the effects of external variables. Its projections are also sensitive 
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to unusual observations and to differences in observation length. This issue is especially relevant 
in the present dataset because the 2025 value represents visits only through October, whereas the 
preceding observations represent complete calendar years. Therefore, the resulting model should 
be understood as a preliminary baseline that requires careful data preparation, diagnostic 
assessment, and periodic updating, rather than as a definitive representation of future demand. 

Forecast evaluation is equally important because a fitted trend may produce numerical 
projections even when the statistical evidence for that trend is weak. Measures such as the Mean 
Absolute Percentage Error (MAPE) describe the average relative difference between actual and 
fitted or forecast values, but percentage-based errors have known limitations and should be 
interpreted in relation to the data and decision context (Armstrong & Collopy, 1992; Hyndman & 
Koehler, 2006). An error measure calculated from the same observations used to estimate the 
model reflects in-sample fit and does not automatically establish out-of-sample forecasting 
performance. Time-ordered validation is preferable when sufficient observations are available 
because ordinary resampling may not respect temporal dependence (Bergmeir et al., 2018). 
Coefficient significance, goodness of fit, residual behavior, and the evaluation design should 
therefore be considered together rather than relying on a single performance measure (Steyerberg 
et al., 2010). Prediction uncertainty should also be acknowledged, particularly when projections 
extend several years beyond a small historical sample (Gneiting & Katzfuss, 2014). 

Previous Indonesian studies provide evidence that regression and trend models can support 
hospital planning. Baihaqi et al. (2019) applied simple linear regression to predict hospital visits 
based on service type and patient age. Nugroho et al. (2024) used simple linear regression to 
estimate outpatient visits at Pati Islamic Hospital and emphasized its usefulness for resource 
planning. Sabran et al. (2024) applied linear trend analysis to outpatient visits at Haji General 
Hospital of East Java Province, while Shirvia et al. (2025) combined simple linear regression and 
RapidMiner-based processing in a study at RSU Bunda Purwokerto. These studies show that 
interpretable baseline models remain relevant for healthcare institutions that require 
straightforward forecasting tools. 

For hospital management, the practical value of a forecast depends on how it is translated 
into decisions. A projected change in visits may inform the number and distribution of 
registration staff, nurses, physicians, clinic sessions, waiting-room capacity, and supporting 
supplies. It may also provide an early signal for reviewing access barriers, referral relationships, 
patient experience, or service promotion. Nevertheless, managerial decisions should not be based 
on a single point forecast alone. Forecast values need to be reviewed together with recent 
operational information and plausible uncertainty because actual utilization may depart from the 
historical trend. This is particularly important when the available records include shocks or policy 
changes. Thus, the model in this study is intended to support, rather than replace, managerial 
judgment and routine monitoring of outpatient services. 

However, the available studies also reveal several areas requiring further attention. Results 
from one hospital cannot be transferred directly to another because hospitals differ in patient 
populations, referral patterns, service portfolios, insurance cooperation, operational policies, and 
dominant demand predictors (Jiang et al., 2023). In addition, previous applications have often 
emphasized forecast values and categorical interpretations of prediction error without sufficiently 
discussing incomplete observations, limited sample size, statistical significance, or the distinction 
between fitted accuracy and future predictive validity. International studies have frequently used 
higher-frequency data and more complex time-series or hybrid models (Bai et al., 2023; Huang et 
al., 2020; Luo et al., 2017; Wargon et al., 2009), whereas many hospitals may initially require a 
simpler and more transparent baseline before more advanced methods can be implemented. 

The research gap addressed in this study therefore concerns both the specific operational 
context of RSU Ananda Purwokerto and the need for a cautious application of an interpretable 
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baseline model. The study analyzes the hospital's annual outpatient visit records for 2018-2025 
and uses simple linear regression to generate projections for 2026-2030. The contribution is not 
the introduction of a new regression method, but the structured application of an established 
method to hospital planning, accompanied by an interpretation of the model's direction, error 
measure, statistical evidence, and practical limitations. The pre-pandemic, pandemic, post-
pandemic, and BPJS-related contexts are used to explain why historical observations may 
fluctuate, not to claim causal effects that are not estimated by the model. 

Accordingly, this study aims to: (1) describe the annual pattern of outpatient visits at RSU 
Ananda Purwokerto; (2) estimate a simple linear regression model with time as the explanatory 
variable; (3) generate baseline projections of outpatient visits for 2026-2030; (4) evaluate the 
model using the available statistical and error measures; and (5) discuss the implications and 
limitations of the projections for hospital resource planning. The results are expected to provide 
an initial quantitative reference for workforce allocation, clinic scheduling, facility preparation, 
and service evaluation. They are also expected to support periodic forecasting updates and future 
comparisons with time-series, machine-learning, or multivariable models when more detailed data 
become available. 

Method 

This study used a quantitative, retrospective observational design to develop a baseline 
projection of annual outpatient visits at RSU Ananda Purwokerto. The design was observational 
because no intervention or treatment was assigned to patients or hospital units; the analysis used 
visit totals that had already been recorded in the Hospital Information System. Simple linear 
regression was selected to quantify the average linear association between calendar year and the 
annual number of outpatient visits and to extrapolate that historical trend to 2026–2030. 
Accordingly, the model was intended as a transparent planning baseline rather than as a causal 
model of the effects of the COVID-19 pandemic, BPJS cooperation, or other service policies. 

The study setting was RSU Ananda Purwokerto, Jalan Pemuda No. 30, West Purwokerto, 
Banyumas, Indonesia. The unit of analysis was the annual aggregate number of outpatient visits, 
not an individual patient. The observation period covered 2018–2025 and produced eight annual 
observations. The outcome variable was the total number of recorded outpatient visits in each 
observation period, while the explanatory variable was calendar year. These variables were chosen 
because the study sought to obtain an initial description of the long-term direction of outpatient 
utilization using the aggregate data available to the hospital. 

The empirical data consisted of retrospective administrative records obtained from the 
Medical Records Unit and the Hospital Information System of RSU Ananda Purwokerto. 
Because the records were generated before the present analysis and contained annual aggregate 
counts, they were treated as secondary administrative data. Scientific articles, electronic books, 
and relevant previous studies were used as supporting literature for the selection of the 
forecasting method, interpretation of outpatient demand, and evaluation of prediction error. The 
hospital record was therefore the source of the numerical analysis, whereas the literature provided 
the conceptual and methodological basis. 

All available annual outpatient visit totals for 2018–2025 were included, so the study used a 
census of the eight annual observations rather than drawing a statistical sample. The descriptive 
context was classified as pre-pandemic for 2018–2019, the COVID-19 pandemic period for 
2020–2021, and the post-pandemic period from 2022 onward. The termination of BPJS 
Kesehatan cooperation was recorded as contextual information associated with the 2023 service 
environment. These labels were not entered as independent variables and were not tested as 
causal determinants in the regression model. 
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Table 1. Annual Outpatient Visit Data at RSU Ananda Purwokerto 
Year Number of Visits Context 

2018 65,756 Pre-COVID-19 
2019 83,319 Pre-COVID-19 
2020 84,499 COVID-19 pandemic period 
2021 89,287 COVID-19 pandemic period 
2022 68,750 Post-COVID-19 period 
2023 45,031 Post-COVID-19 period / BPJS cooperation terminated during the year 
2024 69,771 Post-COVID-19 period 
2025 70,039 Post-COVID-19 period / January-October only 

Data were collected through document review, observation, interviews, and a literature 
review. Document review was used to obtain the annual outpatient visit totals from the hospital 
information records. Observation provided an overview of the outpatient service and record-
management process. A semistructured interview with the person responsible for the Medical 
Records Unit was used to clarify the origin, coverage, and interpretation of the visit records, 
including the status of the 2025 observation. The literature review covered patient-demand 
forecasting, simple linear regression, healthcare data analytics, and prediction-error assessment. 
No names, medical diagnoses, identification numbers, or other patient-level information were 
used in the analysis. 

Before modeling, the annual totals were arranged chronologically and the period represented 
by each record was identified. Values were analyzed as visit counts, with punctuation in the 
source table interpreted as a thousands separator. Particular attention was given to the 2025 value 
of 70,039 because it covered January through October only, whereas the 2018–2024 values 
represented complete calendar years. The 2025 value was retained to reproduce the dataset and 
model used in the study, but it was explicitly treated as a partial-year observation. It was not 
annualized because monthly visit totals for estimating November and December were not 
available. Consequently, its direct comparability with complete annual observations is limited. 
Simple linear regression was estimated with the actual calendar year as the predictor, using the 
following equation: 

𝑌 =  𝑎 +  𝑏𝑋 

Where: 

Y = Predicted Number of Outpatient Visits 
X = Calendar Year 
a = Intercept 
b = Regression Coefficient or Estimated Annual Slope 

The intercept represents the model-based value when X equals zero and therefore has no 
direct operational interpretation in this specification. The slope represents the estimated average 
change in outpatient visits associated with a one-year increase in calendar time. The analysis 
proceeded by compiling the annual data, identifying observation coverage, reviewing descriptive 
changes, estimating the intercept and slope, producing point projections for 2026–2030, and 
comparing the manual coefficients with those generated by the Linear Regression operator in 
RapidMiner. In RapidMiner, year was assigned as the numerical predictor and outpatient visits as 
the numerical label. RapidMiner was used to verify computational consistency rather than as a 
separate forecasting method. Statistical significance of the slope was assessed at the 5% level 
(alpha = .05). Assumptions of linearity, independence, constant residual variance, and 
approximate residual normality were considered when interpreting the model, but the small 
dataset limits robust diagnostic assessment. 

Prediction error was summarized using the Mean Absolute Percentage Error (MAPE), which 
calculates the average absolute difference between an observed value and its fitted value relative 
to the observed value. MAPE was selected because its percentage scale is readily interpretable by 
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hospital managers. In this study, MAPE was calculated using the same 2018–2025 observations 
employed to estimate the regression model, according to the following formula: 

𝑀𝐴𝑃𝐸 =
∑ |

𝐴𝑡−𝐹𝑡

𝐴𝑡
|

𝑛
 ×  100% 

Where: 

At = Actual Outpatient Visits in Period T 
Ft = Fitted Outpatient Visits in Period T 
n = Number of Evaluated Observation Periods 

For descriptive interpretation, MAPE values of less than or equal to 10% were classified as 
very good, values greater than 10% and up to 20% as good, values greater than 20% and up to 
50% as reasonable, and values above 50% as weak. These cutoffs were retained as practical 
descriptive guidelines rather than universal statistical standards because the suitability of 
percentage errors depends on the data and decision context (Armstrong & Collopy, 1992; 
Hyndman & Koehler, 2006). Because the calculation used the model-development observations, 
it measures in-sample fit and not independent future forecasting performance. Model adequacy 
was therefore not determined from MAPE alone; the slope p-value, limited number of 
observations, incomplete 2025 coverage, historical fluctuations, and absence of external 
predictors were also considered. 

The final outputs were the fitted regression equation, the estimated annual direction of 
change, point projections for 2026–2030, coefficient consistency between manual calculation and 
RapidMiner, and the in-sample MAPE. The workflow provided an initial assessment for 
operational planning but did not estimate the independent effects of COVID-19, BPJS policy, 
staffing, physician availability, economic conditions, or patient satisfaction. The projections were 
therefore treated as exploratory baseline estimates and should be updated when complete 2025 
data and more frequent monthly observations become available. Because only aggregate records 
were analyzed, no individual patient identity or clinical information was processed or reported. 

Results and Discussion 

The analysis used eight annual outpatient-visit observations for 2018–2025. The values for 
2018–2024 represented complete calendar years, whereas the 2025 value of 70,039 covered 
January through October only. Calendar year was specified as the independent variable and the 
number of outpatient visits as the dependent variable. The data were analyzed manually and with 
the Linear Regression operator in RapidMiner. Because one observation represented only ten 
months and the series contained substantial year-to-year fluctuations, all estimates were 
interpreted as exploratory results from a limited dataset. 

The fitted simple linear regression produced an intercept of 4,324,426.14 and a slope of -
2,103.57. The resulting equation was: 

𝒀 =  𝟒, 𝟑𝟐𝟒, 𝟒𝟐𝟔. 𝟏𝟒 −  𝟐, 𝟏𝟎𝟑. 𝟓𝟕𝑿 
Table 2. Summary of Simple Linear Regression Analysis Results 

Analysis Component Result 

Number of observations 8 annual observations 

Data period 2018–2025 (2025 through October) 
Constant (a) 4,324,426.14 
Regression coefficient (b) -2,103.57 
Model equation Y = 4,324,426.14 - 2,103.57X 
Slope p-value .369 
MAPE 15.66% 
MAPE category Good (in-sample) 
R² .136 
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As summarized in Table 2, the negative slope indicates an estimated average decrease of 
approximately 2,104 outpatient visits for each additional calendar year. Manual calculation and 
RapidMiner produced equivalent coefficients, with only rounding differences: 4,324,426.14 
versus 4,324,426.143 for the intercept and -2,103.57 versus -2,103.571 for the slope. 
Recalculation from the eight reported observations produced R² = .136 and a two-sided slope p-
value of .369. Thus, calendar year explained approximately 13.6% of the observed variation, and 
the slope was not statistically significant at alpha = .05. The 95% confidence interval for the 
slope, approximately -7,405 to 3,198 visits per year, included zero. These statistics do not support 
treating the fitted decrease as a certain underlying trend. 

The fitted equation was then evaluated at calendar years 2026–2030 to obtain point 
projections. These projections extend the estimated straight-line pattern beyond the observed 
period; they do not account for changes in financing arrangements, service capacity, patient 
preferences, disease patterns, or other external conditions. The resulting values are presented in 
Table 3. 

Table 3. Projected Outpatient Visits at RSU Ananda Purwokerto for 2026–2030 
Year Projected Outpatient Visits 

2026 62,590 
2027 60,487 
2028 58,383 
2029 56,280 
2030 54,176 

Table 3 shows point projections of 62,590 visits in 2026, 60,487 in 2027, 58,383 in 2028, 
56,280 in 2029, and 54,176 in 2030. The values decrease by approximately 2,104 visits per year 
because they are generated directly from the fitted linear slope. These figures describe the 
continuation of the estimated historical line and should not be interpreted as guaranteed annual 
totals. In particular, the 2030 projection is consistently reported as 54,176 visits. 

The in-sample MAPE was 15.66%. Under the descriptive thresholds adopted in this study, 
this value falls within the 10%–20% category commonly labeled good. However, the value was 
calculated from the same eight observations used to estimate the coefficients. It therefore 
describes how closely the fitted line reproduces the model-development data and does not 
constitute an independent assessment of forecast performance for 2026–2030. The MAPE result 
must be considered together with the low R², nonsignificant slope, short annual series, and 
incomplete 2025 observation. 

Discussion 

The main result is that simple linear regression provides a transparent baseline equation for 
describing the direction of annual outpatient visits at RSU Ananda Purwokerto. Its practical 
strength lies in the ease with which the coefficients and point projections can be calculated, 
reproduced, and communicated. This is consistent with Nugroho et al. (2024), who showed that 
simple linear regression can support an initial assessment of outpatient demand. Nevertheless, the 
present findings also show why an easily implemented model should not automatically be 
interpreted as a strong forecasting model. The regression summarizes the available annual 
observations, but the statistical evidence for a stable linear decline is weak. 

The slope of -2,103.57 represents the average annual change implied by the fitted line, not a 
fixed decrease that must occur every year. Actual visits increased from 2018 to 2021, declined 
substantially in 2022 and 2023, and increased again in 2024 and the first ten months of 2025. This 
pattern is not consistently linear. The observed changes coincided with different service contexts, 
including the COVID-19 period and changes in BPJS Kesehatan cooperation, but these factors 
were not entered as predictors. Consequently, the present regression cannot quantify their effects 
or establish that they caused the observed fluctuations. 
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The projections decrease from 62,590 visits in 2026 to 54,176 visits in 2030. If future 
conditions follow the fitted historical line, this scenario may help the hospital anticipate changes 
in staffing, clinic schedules, registration services, waiting-room capacity, and supporting facilities. 
The projections are nevertheless conditional baseline values. They should be reviewed against 
current operational information and updated as new observations become available, especially 
because the model does not include seasonality, structural changes, or external explanatory 
variables. This cautious use is consistent with the role of forecasting as decision support rather 
than a substitute for managerial judgment (Shirvia et al., 2025; Subramanian, 2021). 

From a managerial perspective, the point projections are more appropriately used for 
scenario planning than as fixed targets. Hospital management can compare actual monthly or 
annual visits with the baseline and investigate material deviations. Visits below the baseline may 
prompt a review of access, referral relationships, financing cooperation, clinic availability, patient 
experience, and service communication. Visits above the baseline may require adjustments to 
personnel, appointment schedules, registration capacity, medicines, and waiting areas. This 
approach allows the model to function as an early reference while preserving flexibility when 
actual demand differs from the historical trend. 

The MAPE of 15.66% provides limited but useful information about in-sample fit. It 
indicates that the absolute fitted error averaged 15.66% of the observed visit total across the eight 
periods. The largest mismatch occurred around a year with a pronounced historical fluctuation, 
illustrating that a single straight line cannot fully represent abrupt changes in hospital utilization. 
Therefore, labeling the MAPE category as good should be understood only within the selected 
descriptive threshold. It does not override the low explanatory power of the model or guarantee 
comparable errors for future observations. 

The inferential results reinforce the need for caution. With R² = .136, approximately 86.4% 
of the variation in the reported annual visit totals remained unexplained by calendar year. The 
slope p-value of .369 exceeded .05, and its confidence interval crossed zero, so the available data 
did not provide sufficient statistical evidence of a systematic linear decrease. In addition, the 
analysis contained only eight observations, and the 2025 value represented January–October 
rather than a complete year. The projections should therefore be regarded as preliminary and 
should not be used alone for high-stakes staffing or investment decisions. The comparison 
between manual calculation and RapidMiner confirms computational consistency for the same 
model specification. Both approaches produced the same intercept and slope after rounding. This 
agreement verifies the arithmetic implementation, but it does not independently validate the 
predictive adequacy of the model. Software can reproduce a correctly specified calculation even 
when the available data are limited or the fitted relationship is weak. RapidMiner is therefore best 
described as a supporting analytical tool that facilitates processing and replication (Lathifah & 
Dana, 2024), rather than as evidence that the future projections are accurate. 

Despite these limitations, forecasting outpatient demand remains relevant to hospital 
resource planning. Anticipated visit volumes can inform workforce deployment, clinic schedules, 
service rooms, administrative capacity, medicines, and supporting facilities (Huang et al., 2020; 
Jones et al., 2008; Luo et al., 2017; Wang & Wang, 2025). Reviews of patient-arrival models 
emphasize that locally relevant predictors, suitable model choice, and explicit performance 
evaluation are essential because demand patterns differ across institutions (Jiang et al., 2023; 
Wargon et al., 2009). A baseline model may be particularly useful when it is updated routinely and 
compared with observed demand. More reliable evaluation would require complete and 
preferably monthly data, a longer observation period, time-ordered out-of-sample validation, 
prediction intervals, and comparisons with time-series or multivariable models. External variables 
such as BPJS arrangements, physician availability, service access, and patient satisfaction could 
also be incorporated when valid measurements are available. 
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Overall, the analysis shows that the 2018–2025 secondary administrative records can be 
summarized using a simple linear regression and reproduced in RapidMiner. The model yields a 
declining baseline projection for 2026–2030 and an in-sample MAPE of 15.66%, but the low R², 
nonsignificant slope, partial 2025 record, and pronounced historical fluctuations restrict the 
strength of the conclusion. The results may support initial operational discussion at RSU Ananda 
Purwokerto, provided that they are combined with current hospital information, presented with 
appropriate uncertainty, and updated when complete and higher-frequency data become 
available. 

Conclusion 

This study demonstrates that simple linear regression can be used to construct a transparent 
baseline projection of outpatient visits at RSU Ananda Purwokerto. Using the available 2018–
2025 administrative records, the model estimated an average decrease of approximately 2,104 
visits per year and generated point projections of 62,590 visits in 2026 and 54,176 visits in 2030. 
These values describe the continuation of the fitted historical line and should not be interpreted 
as fixed future totals. The statistical results limit the strength of the forecast conclusion. Calendar 
year explained 13.6% of the observed variation (R² = .136), and the estimated slope was not 
statistically significant at the 5% level (p = .369). The MAPE of 15.66% fell within the study's 
descriptive good category, but it represented in-sample fit because it was calculated from the 
same observations used to estimate the model. In addition, the dataset contained only eight 
annual observations, and the 2025 record covered January–October rather than a complete 
calendar year. Consequently, the model is more appropriately regarded as an exploratory planning 
baseline. 

For hospital management, the projections may provide an initial reference for reviewing 
workforce allocation, clinic schedules, registration capacity, medicines, waiting areas, and other 
outpatient facilities. The model does not establish that COVID-19 conditions or changes in BPJS 
Kesehatan cooperation caused the observed visit fluctuations because those factors were not 
included as predictors. Operational decisions should therefore combine the baseline projections 
with recent service information, financing arrangements, physician availability, patient access, and 
other relevant indicators. Future analysis should use complete and preferably monthly visit data, a 
longer observation period, out-of-sample evaluation, and prediction intervals. Comparisons with 
time-series, machine-learning, or multivariable approaches may determine whether they provide 
more reliable forecasts. Regardless of the method selected, the model should be updated 
periodically so that outpatient planning remains responsive to actual changes in hospital demand. 
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