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Abstract

In highly competitive hotel markets, accurate demand forecasting plays a critical role in supporting effective revenue and
pricing management decisions. This study conducts a comparative analysis between a machine learning approach that
is Random Forest optimized with a Genetic Algorithm (RF—GA) and a stochastic method, the Kalman Filter (KF), to
forecast hotel occupancy rates. Using monthly operational data from a three-star hotel in Surabaya, Indonesia, covering
the period from April 2018 to May 2024, both models were evaluated based on forecasting accuracy measured by Root
Mean Square Error (RMSE). The results indicate that the RF—~GA model achieved substantially lower forecasting error
(RMSE=0.0320) compared to the Kalman Filter (RMSE=0.5602), demonstrating that machine learning techniques can
more effectively capture nonlinear demand patterns within hospitality data. From a managerial perspective, more accurate
occupancy forecasts enable hotel revenue managers to optimize room pricing, anticipate demand fluctuations, and plan
resources more efficiently. This research contributes to the revenue management literature by bridging computational
intelligence with practical forecasting strategies in the hospitality sector, particularly within emerging market contexts.
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Introduction those responsible for pricing and capacity allocation, accu-

rate forecasting of occupancy rates has become a critical
The hospitality industry operates in a dynamic environ-  foundation of revenue management. A small deviation in
ment where fluctuations in demand can significantly influ-  demand prediction can lead to underpricing during peak

ence revenue performance. For hotel managers, particularly =~ periods or overpricing during low-demand seasons, both of
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which diminish profitability. Therefore, the ability to gener-
ate reliable forecasts is essential for maximizing room rev-
enue, improving inventory control, and enhancing strategic
pricing decisions (Sanlidz-Ozgen and Kozak 2023).

In practice, a variety of forecasting models have been
employed to predict hotel occupancy. Traditional stochastic
approaches, such as the Kalman Filter (KF) have long been
used for their interpretability and recursive updating capa-
bility in handling time-series data. However, such models
often assume linear relationships and stable noise distribu-
tions, which may not reflect the nonlinear dynamics of hotel
demand influenced by promotions, market competition, or
macroeconomic conditions. As a result, the accuracy of sto-
chastic models may decline in volatile or highly segmented
markets.

Recent advances in machine learning (ML) offer new
possibilities for capturing complex, nonlinear patterns in
hotel occupancy data. Among them, the Random Forest
(RF) algorithm has gained attention for its robustness and
adaptability in forecasting applications. When optimized
through a Genetic Algorithm (GA), the model can auto-
matically select hyperparameters that minimize forecasting
errors, thus enhancing predictive accuracy. Previous studies
have demonstrated the superiority of ML-based methods in
tourism and hospitality forecasting, yet direct comparisons
between ML and traditional stochastic approaches remain
limited, especially in the context of emerging markets such
as Indonesia.

This study aims to address this gap by conducting a
comparative analysis of machine learning and stochastic
methods for hotel occupancy forecasting. Specifically, it
compares the performance of a Genetic Algorithm—opti-
mized Random Forest (RF—GA) with that of the Kalman
Filter (KF) using multi-year operational data from a three-
star hotel in Surabaya, Indonesia. The analysis focuses on
forecasting accuracy, measured by Root Mean Square Error
(RMSE), and discusses how improved predictive perfor-
mance can support better pricing, revenue planning, and
resource allocation. By integrating data-driven analytics
with managerial implications, this research contributes to
the ongoing discourse on how computational intelligence
can strengthen revenue management decision-making in the
hospitality industry.

Research methods

Revenue management (RM) in the hospitality industry
revolves around the strategic alignment of pricing, demand
forecasting, and capacity control to maximize revenue per
available room (RevPAR). According to Kimes (2003) and
Talluri and van Ryzin (2004), forecasting is the cornerstone
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of RM decisions, influencing rate optimization, overbook-
ing, and market segmentation strategies. Accurate forecasts
of occupancy rates enable managers to adjust prices dynam-
ically in response to demand fluctuations, ensuring both
profitability and customer satisfaction (Wang et al. 2022).

Inaccurate forecasts can lead to suboptimal pricing deci-
sions. Overestimation of demand may result in excessive
prices and lost bookings, whereas underestimation may trig-
ger premature discounting. As hotel markets become more
data-rich and volatile, especially in urban destinations such
as Surabaya, the ability to generate precise, data-driven
forecasts is increasingly crucial. Consequently, forecast-
ing models in RM have evolved from simple time-series
smoothing techniques toward more adaptive and intelligent
systems.

Traditional forecasting in hospitality has long relied on
stochastic models, which treat demand as a random process
evolving over time. Among these, the Kalman Filter (KF)
is widely recognized for its recursive estimation capability
and its suitability for systems with unobserved components
(Chen and Schwartz 2008). KF models assume that current
observations are a linear combination of past states plus ran-
dom noise. Their advantage lies in simplicity, transparency,
and ease of updating forecasts when new data become avail-
able (Weatherford and Kimes 2003).

However, these models typically rely on linearity and
Gaussian noise assumptions, which may not capture non-
linear relationships between price, occupancy, seasonality,
and external shocks such as macroeconomic changes or
online review trends. Several studies (e.g., Cho 2003; Goh
and Law 2011) found that while KF performs adequately in
stable environments, its predictive accuracy declines when
demand patterns become irregular or driven by multiple
interacting factors. This limitation has motivated scholars to
explore more flexible, data-driven techniques.

Machine learning (ML) offers a data-centric alternative
to stochastic modeling by learning patterns directly from
historical observations without strict distributional assump-
tions. Among the numerous ML algorithms, Random For-
est (RF) is one of the most effective ensemble methods for
regression and forecasting tasks (Sajja et al. 2022). It builds
multiple decision trees on random subsets of data and aggre-
gates their outputs, thus reducing overfitting and improving
generalization.

The application of RF in tourism and hospitality has
been explored in recent years. For instance, Law et al.
(2019) demonstrated that tree-based ensembles outperform
ARIMA and exponential smoothing in predicting tourist
arrivals. Similarly, Anshori et al. (2025a, b) showed that
RF models can accurately forecast hotel occupancy rates
when optimized using a Genetic Algorithm (GA), which
fine-tunes hyperparameters to minimize prediction error.
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GA-based optimization enhances model adaptability, par-
ticularly when training data exhibit high variability or lim-
ited sample sizes.

Compared with stochastic approaches, ML models are
nonlinear, data-adaptive, and robust to multicollinearity,
making them more suitable for complex datasets where
multiple operational and market variables interact. How-
ever, they are often criticized for being “black boxes” with
limited interpretability, which poses a challenge for mana-
gerial adoption in decision-making contexts.

While both stochastic and machine learning methods
have proven useful in forecasting applications, direct empir-
ical comparisons between these paradigms remain limited,
especially within the hospitality industry of developing
countries. Previous comparative studies (e.g., Claveria et
al. 2015; Moreira et al. 2021) mainly focused on macro-
level tourism demand rather than property-level occupancy
forecasting. Furthermore, few studies have examined how
methodological differences in forecasting accuracy trans-
late into practical revenue management implications, such
as price adjustments, capacity allocation, and profitability
optimization.

This study seeks to fill that gap by empirically compar-
ing a machine learning approach (RF—-GA) with a stochastic
approach (Kalman Filter) using real operational data from a
hotel in Surabaya, Indonesia. By linking model performance
to managerial decision contexts, this research contributes
not only to the methodological advancement of forecasting
but also to the strategic integration of data analytics into
revenue management practice (Zhou et al. 2018).

This study adopts a quantitative comparative research
design aimed at evaluating the forecasting performance
of two distinct modelling paradigms: a machine learning
method that is Random Forest optimized with a Genetic
Algorithm (RF—GA) and a stochastic method, the Kalman
Filter (KF) (Smagin 2014). The comparison focuses on fore-
casting accuracy in predicting hotel occupancy rates, with
the objective of identifying which approach provides more
reliable results for revenue management decision-making.

The methodology follows three major stages:

1. Data collection and preparation,

2. Model development and parameter optimization, and.
3. Performance evaluation based on statistical error
metrics.

The study utilizes monthly operational data from a three-
star hotel in Surabaya, Indonesia, covering the period April
2018-May 2024. The dataset consists of 74 observations,
representing a continuous time series that includes the fol-
lowing key variables (Table 1):

Before modelling, the data were checked for missing
values, typographical inconsistencies (e.g., decimal sepa-
rators), and outliers. Observations with implausible values
(e.g., occupancy below 10%) were validated and corrected
using cross-checks from the property management system
(PMS). All variables were normalized to ensure compara-
bility and numerical stability during model training.

To identify the most influential predictors for occupancy
forecasting, a Pearson correlation analysis was conducted
between Occupancy Rate and each explanatory variable.
Variables showing significant correlation coefficients (J1|
>(.5) were retained as model inputs. This step reduces noise
and enhances computational efficiency without compromis-
ing forecasting accuracy.

The correlation matrix revealed that Rooms Sold, Aver-
age Room Rate, and RevPAR were strongly associated with
Occupancy Rate, indicating their relevance to demand fore-
casting in hotel operations.

Model development
Random forest optimized with genetic algorithm (RF-GA)

The Random Forest (RF) algorithm, introduced by Breiman
(2001), constructs multiple regression trees on randomly
sampled subsets of data and aggregates their predictions. RF
is particularly effective in handling nonlinear and multivari-
ate relationships, which are common in hospitality datasets.

To enhance RF performance, this study integrates a
Genetic Algorithm (GA) for hyperparameter optimization.
GA operates through selection, crossover, and mutation pro-
cesses inspired by natural evolution to find the combination
of parameters that minimize forecasting error.

Table 1 Dataset Date Room sold Avg room rate RevPar Room Rev Occupation (%)
30/04/2018 1283 370,076 125,610 474,807,004 33.9
30/05/2018 1572 344,352 143,207 541,321,824 4.6
30/06/2018 767 328,872 66,731 252,244,964 20.3
31/07/2018 1823 335,090 156,393 610,869,503 46.7
31/08/2018 1654 346,193 146,596 572,602,618 423
30/09/2018 2041 337,250 182,097 688,326,988 54.0
31/10/2018 2449 337,836 211,818 827,360,679 62.7
31/05/2024 3516 355.,88 263,376 1,249,193,708 74.1
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The objective function of GA was to minimize the Root
Mean Square Error (RMSE) on the validation dataset. The
algorithm evolved over 20 generations, with population
size=10, crossover probability=0.5, and mutation prob-
ability=0.2. The final parameter set producing the lowest
RMSE was selected for forecasting.

Kalman filter (KF)

The Kalman Filter is a recursive stochastic estimator suit-
able for time-series forecasting under uncertainty (Chen and
Schwartz 2008; Zhou and Wu 2016). It models the system
as a state-space process, where the /atent state variable rep-
resents underlying demand, and the observation variable
corresponds to actual occupancy.

The model equations can be expressed as:

Ty = A$t71 +w, wg o~ N(OaQ)

ye = Cxy + vy, v~ N(0,R)

where z;is the unobserved demand state, y;is the observed
occupancy rate, and (), Rdenote process and measurement
noise variances, respectively. The model parameters were
tuned iteratively to minimize RMSE on the validation sub-
set, with process noise set to () = 0.0land measurement
noise to R = 0.1.

To ensure robustness, the dataset was divided into three
training—testing ratios: 70:30, 80:20, and 90:10. Each ratio
was used to test the model’s generalization capability under
different data availability conditions.

Model training and validation were implemented using
the Python 3.12 environment with the Scikit-learn and
DEAP libraries. RMSE was used as the primary evaluation
metric:

RMSE =

Lower RMSE values indicate better predictive performance.
Beyond statistical accuracy, the study interprets fore-
casting results in the context of revenue management
decision-making.
A model with lower RMSE offers:

1. More reliable demand anticipation, supporting dynamic
pricing strategies.

2. Improved inventory and staffing planning, reducing
cost inefficiencies.

3. Better risk management, by minimizing the gap between
forecasted and realized occupancy.

This managerial interpretation ensures that the results are
not only methodologically rigorous but also practically
valuable for hotel practitioners.

Below is a schematic representation of the research pro-
cess (Fig. 1):

Result and discussion

Both forecasting models that is the Random Forest opti-
mized with a Genetic Algorithm (RF-GA) and the Kalman
Filter (KF) were evaluated based on their predictive accu-
racy for hotel occupancy rate. The evaluation used Root
Mean Square Error (RMSE) as the primary metric across
three data partition scenarios: 70:30, 80:20, and 90:10
(training: testing ratios) (Figs. 2, 3, 4 and Table 2).

The RF—GA model consistently outperformed the Kal-
man Filter across all scenarios, achieving its best accuracy
at the 80:20 split (RMSE=0.0320). This result suggests that
the hybrid machine learning approach effectively captures
nonlinear patterns in occupancy data, while the stochastic
model—though stable—shows limited responsiveness to
structural shifts in demand.

The comparative plots in Table 3 show that the RF-GA
predictions closely follow the actual occupancy trends,
including seasonal peaks and troughs. In contrast, KF fore-
casts exhibit a smoother but lagging pattern, often underes-
timating sharp fluctuations in demand.

Such lag is typical of state-space models, which rely on
recursive updating rather than pattern recognition. The supe-
rior performance of RF—GA can be attributed to its ability
to learn nonlinear dependencies among predictors such as
room rates, revenue, and prior occupancy, enhanced by the
parameter search conducted through the Genetic Algorithm.

From a managerial perspective, the increase in RMSE
between the RF—-GA and KF models has several implications:

1. Pricing agility
Accurate occupancy forecasts allow revenue manag-
ers to anticipate high-demand periods and implement
dynamic pricing earlier. For example, a 3% improve-
ment in forecast accuracy can lead to a 1-2% increase
in RevPAR when prices are adjusted proactively.

2. Inventory optimization
Reliable demand prediction supports better room allo-
cation between online travel agents (OTAs) and direct
channels, minimizing overbooking and last-minute
discounting.

3. Cost efficiency
Staffing schedules and operational budgets can be
aligned with forecasted demand, reducing idle labour
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Comparison Actual & Prediction Occupancy Value of Hotel X 30/4/2018 - 31/5/2024 (Tr 70%, Ts 30%)
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Fig. 2 First plot simulation of random forest-GA and Kalman Filter (70% training data, 30% testing data)

Comparison Actual & Prediction Occupancy Value of Hotel X 30/4/2018 - 31/5/2024 (Tr 80%, Ts 20%)
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Fig. 3 Second plot simulation of random forest—-GA and Kalman Filter (80% training data, 20% testing data)

costs during low seasons and avoiding service degrada-
tion during high occupancy.

4. Strategic planning
Improved accuracy also enhances decision confidence
in revenue budgeting, capital allocation, and promo-
tional campaigns—key components of a long-term RM
strategy.

These findings reaffirm that forecasting accuracy is not
merely a statistical pursuit but a strategic enabler of finan-
cial performance in hospitality operations.

The superiority of machine learning models in hospital-
ity forecasting aligns with findings by Law et al. (2019),

s

who reported that ensemble methods outperform classical
time-series models for predicting tourist arrivals. Similarly,
Claveria et al. (2015) observed that nonlinear models pro-
vide better adaptability in volatile tourism environments.

However, this study extends existing literature by focus-
ing on property-level forecasting, demonstrating that even
with a relatively small dataset (74 observations), the RF—
GA hybrid can significantly outperform stochastic filters.
This supports the argument of Anshori et al. (2024) that
data-driven intelligence enhances managerial foresight in
emerging-market hotels where demand signals are less sta-
ble and more price-sensitive.
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Comparison Actual & Prediction Occupancy Value of Hotel X 30/4/2018 - 31/5/2024 (Tr 90%, Ts 10%)
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Fig.4 Third plot simulation of random forest—-GA and Kalman Filter (90% training data, 10% testing data)

Table 2 Comparison of RMSE Train—test split RMSE value of random forest— RMSE value of Kalman  Best

values genetic algorithm (RF-GA) Filter model
70%: 30% 0.0451 0.6214 RF-GA
80%: 20% 0.0320 0.5602 RF-GA
90%: 10% 0.0383 0.5809 RF-GA

Table 3 Summary of findings Aspect

Random forest—genetic algorithm (RF-GA) Kalman Filter

Model type

RMSE (best)

Responsiveness to demand
shifts

Interpretability
Managerial usefulness

Stochastic (linear
state-space)

Machine Learning (Nonlinear Ensemble)

0.0320 0.5602
High Moderate
Moderate High

Suitable for baseline
trend estimation

Excellent for dynamic pricing and forecasting

From the lens of revenue management, the results high-
light the importance of adopting predictive analytics as a
core capability rather than a supplementary tool. Hotels in
competitive markets such as Surabaya can integrate the RF—
GA model into their daily revenue dashboards to continu-
ously update occupancy predictions and recommend rate
adjustments in real time.

A practical implementation workflow may include:

1. Collecting real-time data from the PMS (rooms sold,
ADR, RevPAR).

2. Feeding data into an automated RF—GA engine trained
on historical performance.

3. Generating short-term forecasts (e.g., next 30-60 days).

4. Linking forecasts to dynamic pricing systems (yield

managers or RMS software).

Such integration can transform forecasting from a reactive
reporting activity into a predictive decision-support mecha-
nism, directly improving pricing precision and revenue
yield.

Despite the strong empirical results, several limitations
should be acknowledged:

Single-property data: The analysis is based on one hotel,
limiting generalizability to other market segments or
regions.

Monthly granularity: The dataset uses monthly inter-
vals; daily or weekly forecasting could provide finer
operational insights.

Feature limitation: Only financial and occupancy-
related variables were included; incorporating exog-
enous factors (e.g., events, holidays, online reviews)
could enhance model robustness.

3%
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4. Model interpretability: Although RF-GA delivers
higher accuracy, its “black-box” nature may pose chal-
lenges for managerial explanation and adoption.

Addressing these limitations offers potential for future
studies exploring hybrid interpretable AI models or ensem-
ble frameworks combining stochastic transparency with
machine learning precision.

The machine learning approach (RF—-GA) demonstrates
superior predictive performance and stronger alignment
with the revenue management objectives of modern hotels.
Nevertheless, stochastic methods such as the Kalman Filter
retain value as transparent baseline models for quick, inter-
pretable demand monitoring.

Conclusion

This study compared the performance of a machine learning
model—Random Forest optimized using a Genetic Algo-
rithm (RF—GA)—with a stochastic model, the Kalman Filter
(KF), in forecasting hotel occupancy rates. Using monthly
operational data from a three-star hotel in Surabaya, Indone-
sia, covering April 2018 to May 2024, the analysis revealed
that the RF—-GA model consistently achieved significantly
lower forecasting errors (RMSE=0.0320) compared to
the KF model (RMSE=0.5602) across multiple train—test
scenarios.

The findings underscore the superior capability of
machine learning methods in capturing complex, nonlinear
demand patterns inherent in hospitality data. From a mana-
gerial standpoint, improved forecast accuracy enhances
the ability of hotel revenue managers to make timely and
data-driven decisions regarding room pricing, promotional
strategies, inventory control, and staffing. These insights
demonstrate that predictive analytics should be viewed not
merely as a technical exercise but as a strategic instrument
for optimizing revenue performance.

Methodologically, this research contributes to the lit-
erature by offering one of the first empirical comparisons
between machine learning and stochastic approaches within
the context of property-level hotel occupancy forecasting
in an emerging market. Conceptually, it bridges the gap
between computational intelligence and practical revenue
management applications, advancing the discussion on how
forecasting technologies can support pricing agility and
competitive advantage in dynamic hotel markets.

The results carry three key implications for hotel
practitioners:

1. Adoption of data-driven forecasting systems
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Hotels should integrate machine learning—based fore-
casting engines into their revenue management systems
(RMS) to continuously update occupancy predictions
and pricing recommendations.

2. Training and analytical capability building
Revenue managers require upskilling in data analytics
to interpret and operationalize machine learning outputs
effectively within pricing and budgeting contexts.

3. Strategic decision support
Accurate forecasts support long-term financial plan-
ning, enabling managers to align marketing campaigns,
cost control, and investment priorities with projected
demand cycles.

By embedding such analytics into daily decision-making,
hotel organizations can transition from reactive to proac-
tive revenue management, reducing risk while improving
profitability.

Despite its valuable insights, this study acknowl-
edges several limitations that open pathways for further
exploration:

1. Single-property scope
The dataset was limited to one hotel in Surabaya, which
restricts generalizability. Future research should extend
the model to multi-property or cross-regional datasets.

2. Temporal granularity
The current analysis used monthly data. Investigating
daily or weekly forecasts would better support short-
term pricing and yield management.

3. Exogenous variables
Incorporating external factors—such as public holi-
days, city events, competitor pricing, and online review
sentiment—could improve predictive robustness.

4. Model interpretability
While RF-GA offers high accuracy, its interpretability
remains limited. Future work may combine explainable
Al (XAI) techniques or hybrid frameworks blending
machine learning precision with stochastic transparency.

5. Integration with decision systems
Future research could explore embedding predictive
models directly into dynamic pricing algorithms or rev-
enue optimization simulators, linking forecasting out-
puts to direct pricing actions.

By addressing these directions, upcoming studies can
deepen understanding of how forecasting intelligence can
transform data analytics into actionable revenue strate-
gies, thereby advancing both academic theory and industry
practice.
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