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Abstract

For local governments that depend on tourism, planning a budget is a huge
challenge. Their main source of income, hotel taxes, can be all over the place due to
seasonal travel, changing tourist tastes, economic shifts, and major disruptions like
the COVID-19 pandemic. The usual forecasting tools, like ARIMA, just can't keep
up with these wild swings and all the different factors at play. A newer tool,
Facebook's Prophet, shows a lot of promise. It’s great at automatically breaking
down trends, seasonal patterns, and holidays, and it can even incorporate other
outside factors. The problem is, Prophet is very sensitive to its initial settings. If you
just use the defaults on messy, real-world data, you’ll often get poor results. To
tackle this, we used a smart tuning method called Bayesian Optimization to find the
perfect settings for Prophet, which is much faster than trying every combination
manually. We tested our approach on the monthly hotel tax revenue in Tana Toraja,
a cultural tourism hub in Indonesia. We looked at a five-year period (2020-2024)
that saw everything: normal tourism, the pandemic crash, and the recovery. The
difference was night and day. Our optimized model slashed the average prediction
error from a shaky 33.72% down to a much more reliable 9.42%—a 72%
improvement. In real terms, the average monthly forecasting error dropped from
nearly Rp 12 million to just Rp 3.34 million. Even when tested against the
pandemic, where revenues plummeted over 60%, our model remained stable and
accurate. Now, we can provide a solid two-year forecast (2025-2026) that gives
local officials a 3-to-6-month heads-up on potential budget shortfalls, allowing
them to plan ahead. Ultimately, what we’ve built is a practical and efficient
blueprint for tuning forecasts that can be used by any tourism-dependent region to
get a better handle on its finances.

Keywords—Bayesian optimization, Prophet time series forecasting, Hotel tax
revenue, Hyperparameter tuning, Regional government fiscal planning

1. Introduction

For local governments that depend on tourism, knowing how much tax money is coming in
is essential for budgeting. In these places, hotel tax revenue can be wildly unpredictable. It
swings up and down with tourist seasons, visitor tastes, the state of the economy, and other
shocks. The COVID-19 pandemic was a stark reminder of this vulnerability. From March 2020
to December 2021, hotel tax revenue in tourism-heavy regions plummeted by about 60%, and
its share of local government income dropped from 8.2% to just 3.1%. This kind of volatility
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creates a huge headache for financial planning—projections become unreliable, budget
shortfalls pop up unexpectedly, and it’s nearly impossible to plan for emergencies without a
good way to forecast revenue.

The traditional forecasting tools we have, like ARIMA and Exponential Smoothing, really
struggle with hotel tax data. As researchers have pointed out, these older methods can’t quite
grasp complex seasonal patterns, juggle multiple outside factors like tourist arrivals or local
events, or handle sudden disruptions like a pandemic. More recent tools have started to address
these problems. Facebook's Prophet, for example, is a big step up. It's designed to automatically
break down trends, seasonality, and holiday effects, and it lets you add in other relevant data.
But there’s a catch: Prophet’s performance really depends on getting its settings, or
hyperparameters, just right. As the creators themselves admit, the default settings often don't
work well for volatile data, and tuning it by hand takes a lot of time and expertise.

This is where Bayesian Optimization comes in as a smart solution for tuning Prophet's
settings. Instead of just trying every possible combination or guessing randomly, it intelligently
explores the options to find the best configuration much more quickly. This isn't just a theory—
other researchers have had great success with it. One study on regression models found it
converged three times faster than a grid search and improved accuracy by 20-23%. Another
study on solar power forecasting showed it boosted accuracy by 23%, significantly cutting down
the error rate. These results strongly suggest that a systematic approach to tuning could make
Prophet much more effective for tricky hotel tax data.

The thing is, despite these advances, nobody has tried using a Bayesian-Optimized Prophet
model for hotel tax forecasting in Indonesia. Most of the existing research on hotel taxes here
just looks back at how effective the tax has been, without building models to predict the future.
For instance, one valuable study analyzed hotel tax in Badung, but it was purely a descriptive
look back. Furthermore, no one has really tried to feed local tourism data—Ilike visitor numbers,
hotel occupancy rates, and cultural festivals—into a Prophet model in the Indonesian context.
This is a big missed opportunity, especially for cultural destinations where unique ceremonies
create their own distinct tourist seasons.

Our research aims to fill this gap in a few key ways. First, while Prophet is often used for
general tourism forecasting, it’s rarely been applied specifically to a government's bottom line
in a developing country. Most financial forecasting in Indonesia still leans on older methods,
missing out on what modern tools can do. Second, we’re not just using Prophet out-of-the-box.
We’re developing a systematic way to tune it with Bayesian Optimization, specifically for the
kind of small, messy, and volatile financial data that governments have to work with. And
third—and this is really new—we're building local cultural knowledge, like the schedule for
Rambu Solo' ceremonies, directly into the model as a predictive factor. This goes beyond
generic holiday calendars to capture the unique drivers of tourism that are critical for accurate
forecasting in cultural hubs.

To do this, we are developing and testing a Bayesian-Optimized Prophet framework to
forecast hotel tax revenue in Tana Toraja, a major cultural tourism destination in Indonesia. This
case is perfect because its tourism is driven by a mix of school holidays, year-end travel, and the
culturally significant Rambu Solo' ceremonies. Our goals are to: (1) apply Bayesian
Optimization to fine-tune the Prophet model; (2) incorporate local tourism data like visitor
arrivals, hotel occupancy, and cultural events; (3) measure how much more accurate our model
is compared to a standard Prophet model; (4) test its resilience by seeing how it handles the
pandemic disruption; and (5) ultimately, show how this can be a practical tool to help local
governments plan their budgets with more confidence.

2. Method
2.1 Research Design and Data Source

To forecast monthly hotel tax revenue in Tana Toraja, we built and tested a time series
model using five years of historical data, from January 2020 to December 2024. We specifically
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chose this 60-month window because it covers three very different economic climates: the
normal conditions just before the pandemic, the major disruption from mid-2020 through 2021,
and the subsequent recovery phase. This allowed us to see how well our model could perform
under both stable and extreme conditions.

We gathered our data from a few key sources. The actual hotel tax numbers came from the
Tana Toraja Regional Revenue Office, visitor arrival stats were provided by the Tourism, Youth
and Sports Office, and we got the national holiday calendar and hotel occupancy rates from
Indonesia's Central Statistics Agency (BPS). This left us with a final dataset of 60 monthly
observations of tax revenue, along with other relevant indicators. Sixty months was the most we
could realistically obtain from the regional government, but it fits well within the recommended
guidelines for Prophet models, which require at least two years of data.

Ultimately, this five-year dataset was more than adequate for our needs. It provided five
complete seasonal cycles (exceeding the 2—3 cycles recommended by experts) and allowed for
stable testing, with our model showing a consistent error rate of around 9.42% (£ 0.97%). This
gives us confidence that the data is solid enough to produce reliable forecasts.

2.2 Data Preprocessing and External Regressor Construction

Before we could even start building the model, we had to get our data in order. There weren't
many missing values—Iess than 5% —so we just filled those gaps using linear interpolation. We
also looked for outliers using the standard IQR method. We found a few, but we kept them in
because they looked like genuine economic shocks rather than simple measurement errors.

Hotel tax revenue is heavily tied to tourism, which means it can be all over the place. To
smooth things out and stabilize the variance, we applied a log transformation to the revenue
data, specifically using loglp to handle instances where revenue was near zero. This was a key
step to meet the assumptions for our time series model and to keep a few extreme spikes from
throwing off the whole analysis.

Next, we built a few extra features based on tourism indicators that we knew were linked to
hotel tax revenue. We created a "Tourism Index" by combining monthly visitor numbers and
hotel occupancy rates, scaling both to a 0-1 range to make sure they worked well with the
Prophet model. We also flagged major national holidays like Eid, Christmas, New Year, and
Nyepi, since these are well-known to impact tourist numbers. Finally, we created another on/off
variable for major cultural events, especially the Rambu Solo death rituals that happen from
June to September and always attract a large number of tourists. This helps the model
distinguish the impact of these specific cultural seasons from general holiday patterns.

2.3 Prophet Model Framework and Bayesian Optimization

The Prophet model employs additive decomposition with the function form:
Y(&) = g(t) + s(t) + h(t) + €

The model works by breaking the time series down into its core components: a trend "g(t)",
yearly seasonality “s(t)’, and the effects of holidays or other special events "h(t)’, with a final
error term “et’. As the creators of Prophet, Taylor and Letham, pointed out, this approach is
powerful because it can handle strong seasonal patterns and multiple outside factors at once, all
while being easy for people to interpret.

Of course, just using the default settings rarely works well, especially with volatile data like
ours. So, instead of a brute-force grid search or random guessing, we used Bayesian
Optimization to find the best hyperparameters. We chose the Tree-structured Parzen Estimator
(TPE) algorithm from the Hyperopt library because it's particularly efficient. TPE is smart about
it—after each trial, it learns and proposes a more promising set of hyperparameters to try next.
This is much faster than testing every possible combination, which was critical since we only
had the budget for about 30 trials. We picked TPE over other methods, like Gaussian Processes,
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because it's known to converge faster in a moderately-sized search space like ours (5-10
hyperparameters), it handles a mix of different types of settings without any fuss, and it’s less
sensitive to the occasional bad validation score. This speed is a huge advantage for financial
forecasting, where you might need to retrain models frequently.

To guide the optimization, we defined a search space for the model’s key settings. We
allowed the "changepoint prior scale’ to vary significantly to control how flexibly the model
detects trend changes, helping it adapt to both stable and erratic periods. We also explored a
wide range for ‘seasonality prior scale’ to capture the strength of revenue cycles driven by
tourism, and for ‘regressor prior_scale’ to tune the influence of our external data. Finally, we
let the model decide between an “additive’ or ‘multiplicative’ seasonal structure and whether to
include “yearly seasonality" at all.

We ran the process for 30 iterations but included an early stopping rule: if the validation
score (MAPE) didn't improve by at least 0.1% over five consecutive trials, the search would
end. To make sure our evaluation was realistic and mimicked how the model would be used in
the real world, our objective was to minimize the MAPE calculated through walk-forward cross-
validation, which always respects the temporal order of the data.

2.4 Baseline Model Configuration

To see how well our new, optimized Prophet model actually performed, we tested it against
three other standard forecasting methods.

Firstt we ran a Dbasic Prophet model wusing its out-of-the-box  settings
(changepoint_prior_scale=0.05, seasonality prior_scale=10.0). This gave us a clear baseline to
measure how much of a difference our Bayesian optimization really made.

Next, we brought in SARIMAX, a classic statistical method for this kind of work. We used
the common ‘auto.arima’ function to find the best model structure, which turned out to be
SARIMAX(1,1,1)(1,1,1)12. To make it a fair fight, we gave this model the same extra
information our Prophet model had, like data on tourism, holidays, and cultural events.

Finally, we used XGBoost as our machine learning benchmark. Since XGBoost isn't
designed for time series data right away, we had to reformat our data using a 12-month sliding
window. We then tuned its key settings (like learning rate and tree depth) using a randomized
search. While XGBoost is powerful, its approach is fundamentally different from Prophet's, as it
requires us to reframe the problem for supervised learning rather than decomposing the time
series directly.

To make sure our results were reliable, we were careful to train and test all the models on the
exact same data splits, which prevents any data leakage and ensures a true apples-to-apples
comparison.

2.5 Model Validation and Evaluating Metrics

To test our model realistically, we used a Walk-Forward Method (WFCV) that mimics how
it would be used to forecast over time. We started by training the model on two years of data,
from January 2020 to December 2021, and then used it to predict the next 12 months. After that,
we rolled the training window forward by six months and repeated the process. This gave us
five distinct, non-overlapping test periods that together span from the beginning of 2022 to the
end of 2024.

The WFCV protocol is formalized as:
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Forfoldk = 1,2, ...,K:
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Where ¢ is the start date (Jan 2020), K = 5 is the number of folds, and time indices preserve
chronological order. For each fold, Prophet is trained on D,/™" and generates 12-month
forecasts; predictions are evaluated against ground truth in Dj"**',

Evaluation metrics (MAPE, MAE, RMSE on log-scale) were computed per fold:
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Where y;+; is the actual value and y" is the forecast made at time ¢ for horizon i. Fold-level
metrics were aggregated (mean + std) to assess robustness across multiple forecast origins and
economic regimes:
Low standard deviation (< 1% MAPE) indicates stable, generalizable model performance
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across time periods.
2.6 Robustness Testing and Sensitivity Analysis

To see how well our model held up under pressure, we tested it in three very different
economic climates. First, we measured its accuracy during normal times—the period right
before the pandemic (early 2020) and the more recent post-recovery years (2023-2024), when
things were relatively stable. Then, we tested it against the chaos of the pandemic itself (March
2020-December 2021), a time of unprecedented shock when hotel tax revenue plummeted by
over 60%. Finally, we looked at the transition period in 2022 as tourism started to bounce back.
To get a clear number on how much performance suffered during the disruption, we calculated a
"degradation ratio" to measure the exact drop in accuracy.

MAPEpandemic - MAPEnormaI
MAP Enormal
To see how much each factor was influencing our forecast, we removed them from the

model one by one—first the tourism index, then the holiday calendar, and then the cultural
events. After each removal, we compared the new error rate (MAPE) to the original, full model.

Degradation Ratio = x 100%
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This process showed us exactly how much each variable was contributing to the overall
accuracy.

2.7 Computation Implementation

We ran all our experiments in Python 3.13, using Jupyter Notebooks inside of Visual Studio
Code. For the forecasting itself, we used the Prophet library (v1.2) to model the time series and
include some external factors.

To find the best settings for the model, we used Hyperopt (v0.2.7) to run 30 rounds of
hyperparameter tuning, using its TPE algorithm to get the lowest possible MAPE on our
validation set. We focused on tuning key Prophet parameters like "changepoint_prior_scale' and
‘seasonality mode’, as detailed back in Section 2.3. For each of these trials, we trained the
model on all data before 2024 and then tested its performance on the 2024 data.

Once we found the best-performing set of hyperparameters, we retrained the model on our
entire 2020-2024 dataset. We then used this final model to generate a two-year forecast for
2025-2026, complete with 95% prediction intervals.

To prep the data, we applied a log transformation to help stabilize the variance. We also
brought in a standardized tourism index as an external variable, using the tuned prior scale we
found during the optimization step.

In the end, we packaged up several outputs: the final evaluation metrics (MAPE, MAE,
RMSE), a CSV file with the best hyperparameters, the monthly forecast data, and a metadata
file. We documented everything in that metadata file so that our work can be easily reproduced
or adapted by others.

3. Results And Discussion
3.1 Comparative Model Performance and Bayesian Optimization Results

To make sure our improvements were coming from the Bayesian hyperparameter tuning and
not just the external data we added, we tested our model against four alternatives. We used the
exact same data and validation process for a fair comparison (see Table 1). A standard Prophet
model gave us a MAPE of 35.41%. Just adding the external data to Prophet improved its score
to 16.24%. For other benchmarks, a SARIMAX model with the same external data hit 18.93%,
while a tuned XGBoost model did the best of the bunch at 12.47%.

Our Bayesian-Optimized Prophet model, however, came in at just 10.86% MAPE. That’s a
12.9% improvement over the strongest alternative (XGBoost) and a massive 69.3%
improvement over the original Prophet model. In real-rupiah terms, the average monthly error
(MAE) dropped to Rp 3.34 million, compared to Rp 4.18 million for XGBoost and a staggering
Rp 11.76 million for the baseline Prophet. The improvement in Root Mean Squared Error on a
log scale was even more dramatic, falling to 1.87 from XGBoost's 28.44 and the baseline's
116.94—a 93.4% reduction.

To get a fuller picture of performance, we used several validation methods. Our primary
metric is the average from a walk-forward cross-validation (WFCV) run on five separate, 12-
month periods between 2022 and 2024. This gave us a MAPE of 9.42% + 0.97%. The very low
standard deviation shows that the model is consistently accurate, performing well through
normal periods, the post-pandemic recovery, and other market disruptions.

As a final check, we evaluated the model on only the most recent data from 2024, where it
scored a 9.59% MAPE. This confirms that its accuracy holds up on current data and hasn't
degraded over time. The fact that the cross-validation average (9.42%) and the most recent test
(9.59%) are so close really speaks to how solid our optimization approach is. Ultimately,
achieving a 72.05% improvement over the baseline Prophet (from 33.72% down to 9.42%) with
such a tight confidence band (+0.97%) across five different test periods demonstrates a genuine
and robust leap forward in forecasting.
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From here on, any performance claims in this paper will refer to the 9.42% + 0.97% cross-
validation average unless we explicitly say otherwise. If you see "9.59% MAPE," that
specifically refers to the model's performance on the 2024 test set.

Table 1. Comparative Model Performance: Prophet vs Baseline Alternatives

Model MAPE (%) MAE (Rp RMSE Accuracy Notes
M) (log)
Baseline Prophet 35.41 11.76 116.94 Poor No
(Default) optimization, no
exogenous
Prophet + Exogenous  16.24 6.45 48.21 Fair Added tourism
(Default HP) regressors
SARIMAX(1,1,1)x(1,1 18.93 7.12 62.14 Fair Traditional
Diz+ X parametric
method
XGBoost + Calendar 12.47 4.18 28.44 Good Gradient
Features boosting with
features
Bayesian-Optimized 9.42+£0.97 3.34 1.87 Very Optimized
Prophet Good hyperparameter
(PROPOSED) s + Walk-
forward cross-
validation
Improvement vs Best  -24.5% -20.1% -93.4% Excellent  Outperforms all
Alternative baselines

Note: MAPE and MAE evaluated on natural scale (Rp). RMSE evaluated on log-transformed targets to
stabilize variance. WFCV (walk-forward cross-validation) mean + standard deviation computed across
five non-overlapping temporal folds (January 2022—December 2024). Proposed model validated on 2024
test set: MAPE = 9.59%, confirming robustness.

Our analysis showed that to get the best forecasting results, you can't just rely on one trick. It
really takes a combination of two things: first, systematically tuning the model’s settings using a
Bayesian approach (instead of just leaving them on default), and second, incorporating relevant
external data, in this case, on tourism.

Doing just one or the other didn't give us the best performance. For example, if we gave the
Prophet model our tourism data but didn't tune it, we got a 16.24% error rate (MAPE). That's
actually worse than a standard XGBoost model, which came in at 12.47%. This shows that
Prophet's out-of-the-box settings just aren't good enough, even with high-quality data.

On the other hand, while a powerful model like XGBoost performs well, it’s much harder to
interpret. You can't easily see the seasonal or trend patterns it's using, and it requires a lot more
manual data preparation. That makes it a tough choice for something like institutional budget
planning, where you have to be able to explain where your numbers came from.

The real breakthrough happened when we combined both strategies. By using Bayesian
optimization to fine-tune the Prophet model *and* feeding it our tourism data, we got the error
rate down to 10.86% —the most accurate result for this kind of forecast.

We used Hyperopt-TPE to run the optimization, and it only took 30 iterations to find the
model settings that significantly improved our accuracy. Table 2 shows a detailed comparison
between the performance of the original and the fine-tuned models.

Table 2. Detailed Model Performance: Baseline vs Hyperopt-Optimized Prophet

Performance Metric Baseline Prophet Hyperopt-Optimized Improvement
Prophet

MAPE (%) 35.41 10.86 69.3%

MAE (Rp Million/month) 11.76 3.34 71.6%

RMSE (log-scale) 116.94 1.87 98.4%

RMSE (Rp Million, natural) ~4,185 ~5.8 99.9%

Accuracy Classification Poor (>30% error) Very Good (5-10% error)  Excellent
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Note: RMSE evaluated on log-transformed targets (v_transformed = loglp(pajak_hotel)) to stabilize
heteroscedastic variance. Natural-scale RMSE estimated via inverse transformation (RMSE natural =
expml(RMSE log), approximation valid for RMSE log <l). Optimal hyperparameters:
changepoint_prior_scale = 0.8736, seasonality _prior_scale = 11.67, regressor_prior_scale = 2.98.

The initial Prophet model wasn't very accurate, with an error rate of about 35%. After some
tuning, though, we got that error all the way down to 10.86%, which is a huge improvement and
puts our forecast in the "very good" range for our industry.

The winning combination of settings showed us a few things: we needed a more flexible
trend to capture the big shift from the pandemic (changepoint prior scale = 0.8736), it was
important to account for the strong seasonal tourism cycles (seasonality prior scale = 11.67),
and our external data proved to be a major influence on the forecast (regressor prior scale =
2.98).

3.2 Statistical and Practical Significance of Performance Improvements

It’s one thing to see numbers on a page, but what do these improvements actually mean for
budgeting? Our tuned Prophet model was far more accurate, with an error rate of just 9.42%.
Compared to the basic Prophet model's 33.72%, that’s a massive 72% reduction in error. It also
clearly outperformed both SARIMAX (18.93%) and XGBoost (12.47%).

This translates into real money. For Tana Toraja, which averages about Rp 34.8 million in
monthly hotel tax revenue, a 24.3 percentage point drop in error means our forecasts are now
about Rp 8.46 million more accurate every month. Over a full year, that adds up to an extra Rp
101.5 million that planners can account for with confidence.

And we're confident this performance is reliable. We tested the model across 36 months of
data—covering normal times, the pandemic, and the recovery period—and its accuracy barely
wavered. This consistency shows that the model is genuinely learning the underlying trends, not
just getting lucky with one set of data.

When you put Prophet up against the others, its practical benefits for government budget
forecasting really shine. It delivered a 50% error reduction compared to SARIMAX and still
beat XGBoost by 3 percentage points. But beyond the numbers, Prophet is easier to interpret
and explain to stakeholders, and it automatically handles the messy data you always get in the
real world, like missing values or sudden structural shifts. The fact that it so soundly beats
SARIMAX—the established government method—yproves that these newer machine learning
tools can offer a real, practical advantage over older approaches.

Ultimately, this isn't just a minor tweak. A 72% error reduction over the baseline model and
a 50% reduction over the current standard represent a meaningful leap forward, giving regional
governments a much more reliable tool for forecasting revenue in a tourism-dependent
economy.

3.3 Walk-Forward Cross-Validation Results
Table 3. Walk-Forward Cross-Validation Results: Bayesian-Optimized Prophet

Fold Test Period MAPE (%) MAE (Rp M) Regime
1 Jan—Dec 2022 8.2 2.1 Post-pandemic recovery
2 Jul 2022 — Jun 9.1 3.2 Normal
2023
3 Jan—Dec 2023 3.8 3.8 Normal
4 Jul 2023 — Jun 10.3 3.6 Normal
2024
5 Jan—Dec 2024 34 34 Normal
Mean £+ Std - 9.42 £ 0.97 3.22+0.73 Robust

We tested the model's performance using a walk-forward approach across five distinct
periods from January 2022 to December 2024, and the results were consistently strong. The
average error was just 9.42%, and that figure held remarkably steady, varying by less than 1%
across all test periods. This tells us the model is reliable under different economic conditions
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and that its accuracy isn't just a fluke from a single train-test split. Because of this, we're
confident it's ready for real-world use.

3.4 Forecast Projections

Looking ahead at our 24-month forecast for 2025-2026, we’re projecting some serious
growth. We expect to hit Rp 1,548 million in 2025 and then more than double that to Rp 3,448
million in 2026—a 122.71% year-over-year jump, largely thanks to the anticipated recovery in
tourism.

On a monthly basis, we see the usual seasonal patterns. The first half of the year is our low
season, with forecasts between Rp 45—70 million. But business really picks up from July to
December, hitting Rp 150-335 million during the peak months. This surge is driven by the
school holidays and, of course, the Rambu Solo' ceremonies that run from June to September.

To help with planning, our forecast includes a 95% confidence range of about £15%. The
lower estimates give us a conservative baseline for setting aside reserves, while the higher
numbers show us where we might have opportunities for discretionary spending.

Hotel Tax Revenue: Historical Data & 24-Month Forecast (2020-2026)
Kabupaten Tana Toraja

~—e— Historical (2020-2024)

~a~ Forecast (2025-2026)
95% Confidence Interval
COVID-19 Disruption

Rp 700M

Rp 600M

Rp

I
I
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"o R 400M R l,
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,'\ I
\ I
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2025 Monthly Forecast with 95% Confidence Intervals
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.1 I
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Figure 1. Hotel tax revenue forecast with 95% confidence intervals: historical data (2020—
2024) and 24-month projection (2025-2026), Kabupaten Tana Toraja
Note :

o Upper panel: 60-month historical data (Jan 2020-Dec 2024, blue line) with shaded red area
(pandemic disruption Mar 2020-Dec 2021) and forecast (2025-2026, red dashed line with
shaded confidence interval)

o Lower panel: Monthly forecast detail for 2025-2026 showing seasonality with orange shading
for Rambu Solo' event period (Jun—Sep)

3.5 Robustness Testing

Table 4. Robustness Testing Across Economic Scenario

Period Dates MAPE (%) Degradation (%) Status
Normal 2020 Q1-Q2 8.2 Baseline Excellent
Pandemic Mar 2020-Dec 2021  14.8 82.7 Robust
Recovery 2022-2024 8.9 9.9 Strong

Our model really proved its worth during the pandemic. Even as our revenue plummeted by
more than 60%, its forecasts stayed impressively accurate, with an error rate below 15%. For
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comparison, the standard Prophet model was off by about 34%. This shows that even during
that unprecedented collapse, our model could still make sense of the chaos. Now that business
has stabilized over the past couple of years (2022-2024), its accuracy has returned to normal,
with an error rate of just 8.9%.

3.6 Sensitivity Analysis
Table 5. Regressor Contribution via Ablation Study

Configuration MAPE Degradation Importance
(%) (%)

Full Model 10.86 - -

- Tourism Index 13.27 22.2 Critical

- Cultural Events 12.38 13.0 High

- Holiday Calendar 11.52 6.1 Moderate

The Tourism Index had the biggest impact by far, at 22.2%, followed by cultural events
(13.0%) and the local holiday calendar (6.1%). Once we pulled all of this into our model, it was
a staggering 69.3% more accurate than the baseline forecast. This confirms that for the Tana
Toraja regency, tourism is what’s really driving the fluctuations in hotel tax revenue.

3.7 Implications

This forecasting tool gives us a 3 to 6-month heads-up on potential revenue shortfalls, which
is enough time to adjust our policies before a problem hits. It provides a practical range for
budgeting: a conservative forecast, like Rp 1.3 billion for 2025, helps us determine the right size
for our contingency reserves, while an optimistic one of Rp 1.8 billion shows us what’s possible
for discretionary spending.

The model has proven to be consistent and reliable, even under the stress of the pandemic,
making it a powerful tool for financial planning in tourism-dependent regions across Indonesia.
Each forecast gives us a 95% confidence range, which we use to plan for both best- and worst-
case scenarios. The low end of the estimate guides our emergency planning, while the high end
helps us identify new opportunities. On a more immediate level, we get these numbers at the
start of the month, giving us 3 to 6 weeks’ advance notice on revenue trends before the final tax
numbers are in. That’s a crucial window to either activate contingency funds or green-light new
spending.

3.8 Policy Impact and Decision-Support Framework for Fiscal Planning

This tool gives regional governments a practical way to plan their finances, offering a three-
to six-month head start to get ahead of any potential budget issues. It can flag revenue shortfalls
early, help decide how to best spend discretionary funds, and use data to calculate exactly how
much to keep in a rainy-day fund. To make planning easier, the model lays out a few different
scenarios for 2025—from a pessimistic Rp 1.31 B to an optimistic Rp 1.79 B, with a base case
of Rp 1.55 B—which helps manage emergency reserves based on risk. Because the forecasts
extend two years out and account for seasonality, they’re also great for planning long-term
capital investments.

The whole system is designed to be accessible. It runs in about two hours on a standard
computer and only requires free, open-source software, so other tourism-heavy regions in
Indonesia can easily adapt it. Crucially, the model breaks down its forecasts into easy-to-
understand parts: overall trends, seasonal patterns, and the impact of holidays. For regional
governments, where you have to be able to clearly justify your policy decisions, that kind of
transparency is exactly what's needed to get everyone on board.

4. Conclusions

For a place like Tana Toraja, an Indonesian region that depends heavily on tourism,
accurately forecasting hotel tax revenue is crucial. We built a custom forecasting model to do
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just that, and the results have been impressive. Our tuned model is now over 72% more accurate
than the standard version, bringing the average error down from a high of 34% to just 9.4%.
When we tested it on the most recent data from 2024, it held strong with a 9.6% error rate. In
practical terms, this means our monthly forecasts are off by around Rp 3.3 million instead of
nearly Rp 12 million.

What’s more, the model is incredibly stable. It performed consistently well across different
economic periods—before, during, and after the pandemic. Even when COVID-19 caused
revenues to plummet by over 60%, our model's error stayed under 15%, while the basic model
was still stuck at around 34%.

This project offers more than just a single forecast. First, we’ve created a clear, repeatable
process that other tourism-heavy regions can use to tune their own forecasting models. Second,
we proved that including local data—Iike tourism numbers and major cultural events—is key to
getting an accurate prediction. This gives the local government a heads-up of 3 to 6 months if
revenues are likely to fall short, giving them time to adjust their budgets.

Of course, this is just a starting point. The model is currently focused only on Tana Toraja
and uses just quantitative data. Moving forward, we'd like to test this approach in other parts of
Indonesia, bring in other types of taxes, and see if combining it with other forecasting methods
could make it even better.

Ultimately, this tool gives local governments in Indonesia a much more reliable way to plan
their finances. In a time of tourism uncertainty and growing local responsibility, having a data-
driven way to forecast
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