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Abstract

Background: Enterovirus infections cause substantial pediatric morbidity worldwide, with severe cases requiring hospitaliza-
tion. Accurate forecasting of hospitalization burden supports proactive resource allocation and clinical preparedness. During
the postpandemic period (2023-2024), Taiwan experienced a resurgence of enterovirus activity following COVID-19-related
suppression, although at levels below prepandemic baselines, creating unique operational forecasting challenges.

Objective: This study aimed to develop and validate random forest models for 1-week-ahead enterovirus hospitalization
forecasting using postpandemic surveillance data and to evaluate the impact of epidemiological regime alignment on predictive
performance.

Methods: We analyzed weekly enterovirus surveillance data from Taiwan’s Centers for Disease Control covering 2023
to 2024, including outpatient, emergency department, and hospitalization counts stratified by five age groups (0-2, 3-4,
5-9, 10-14, and =15 y). Random forest models were trained on data from 2023 week 1 to 2024 week 40 (n=91 wk after
lag preprocessing) and validated on a temporally independent test set covering 2024 weeks 41 to 52 (n=11 wk). Feature
engineering incorporated age-specific indicators, 1- to 4-week temporal lags, seasonal variables, and derived epidemiological
ratios.

Results: The random forest model achieved strong 1-week-ahead forecasting performance on the test set (R?=0.216, root mean
square error 23.5 hospitalizations per week, mean absolute percentage error 17.27%). Age-specific outpatient visits among
children aged 0 to 2 and 3 to 4 years were the most influential predictors (feature importance=0.0839 and 0.0908, respectively),
followed by seasonal week-of-year effects (feature importance=0.0803). The mean absolute error was 17.6 hospitalizations
per week, demonstrating practical utility for hospital capacity planning. Test-period hospitalizations averaged 126.5 cases
per week, representing a 3.4-fold increase from pandemic suppression levels (28.4 cases per week during 2020-2022) while
remaining 24% below prepandemic baselines (165 cases per week during 2008-2019).

Conclusions: Machine learning models trained on recent postpandemic surveillance data provide useful short-term forecasts
of enterovirus hospitalization burden in Taiwan. A mean absolute percentage error of 17.27% represents reasonable accuracy
for 1-week-ahead hospital resource planning. Age-specific pediatric outpatient surveillance offers valuable early signals for
hospitalization forecasting, supporting the integration of such models into routine public health practice during postpandemic
recovery.
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Introduction

Enterovirus Burden and Surveillance
Context

Enteroviruses (genus Enterovirus, family Picornaviridae) are
a diverse group of RNA viruses responsible for substantial
pediatric morbidity worldwide [1,2]. Clinical manifestations
range from mild febrile illness and hand-foot-and-mouth
disease to severe neurological complications, including
aseptic meningitis, encephalitis, acute flaccid paralysis, and
cardiopulmonary failure [3-5]. Although most infections are
self-limiting, severe disease—particularly associated with
enterovirus A71 (EV A71) and coxsackievirus A16—often
necessitates hospitalization for supportive management [1,3,6,
71.

In Taiwan, enterovirus transmission exhibits pronounced
seasonality, with annual peaks typically occurring during
late spring and summer (May-August) [8-10]. These patterns
are influenced by climatic factors, population mixing, and
school-based transmission dynamics [9,10]. Taiwan has
experienced multiple large EV A71 outbreaks (notably in
1998, 2008, 2012, and 2016), prompting the establishment
of a comprehensive national enterovirus surveillance system
[6,8,11].

Taiwan’s Centers for Disease Control (CDC) operates a
nationwide sentinel surveillance network that captures weekly
enterovirus activity across outpatient clinics, emergency
departments, and hospitals [12]. Surveillance data are
reported by five age groups (0-2, 3-4, 5-9, 10-14, and =15
y), enabling detailed monitoring of disease burden across
developmental stages with distinct exposure risks and clinical
outcomes [11,13]. The availability of age-stratified, multi-
setting surveillance data creates opportunities to develop
predictive models that leverage early outpatient signals to
anticipate downstream hospitalization demand [8,11].

Postpandemic Epidemiological Context

The COVID-19 pandemic fundamentally altered enterovi-
rus epidemiology in Taiwan and globally. During 2020 to
2022, non-pharmaceutical interventions—including univer-
sal masking, social distancing, school closures, and
enhanced hand hygiene—led to an unprecedented reduc-
tion in enterovirus transmission and hospitalizations [14-
17]. Seasonal transmission patterns were largely suppressed
during this period [14,15] (Multimedia Appendix 1).

Following the progressive relaxation of pandemic control
measures in late 2022, Taiwan experienced a marked
resurgence of enterovirus activity [14]. The postpandemic
period of 2023 to 2024 has been characterized by the
restoration of seasonal peaks, sustained increases in hospital-
ization burden, and potential shifts in age distribution, with
concentrated transmission among younger children who had
limited exposure during the suppression years [16,17].

Unlike several postpandemic respiratory virus resurgences
that exceeded historical norms [17], Taiwan’s enterovirus
activity has stabilized at an intermediate intensity below
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pre-pandemic levels. This incomplete recovery may reflect
persistent behavioral changes, altered population immun-
ity, changes in health care-seeking behavior, or shifts in
circulating serotypes [16,17]. Understanding this transitional
epidemiological state is critical for interpreting forecasting
model performance and informing public health responses.

Forecasting Challenges in the
Postpandemic Period

Hospital systems require accurate short-term forecasts
of enterovirus-related admissions to support staffing,
bed allocation, and resource planning [18,19]. However,
traditional forecasting approaches trained on historical data
may perform poorly under nonstationary conditions [18,20].
Models trained on pandemic-suppressed data risk underesti-
mating recovery, whereas models incorporating prepandemic
patterns must contend with the fact that current transmission
operates substantially below historical intensity. This regime
shift necessitates forecasting strategies explicitly tailored to
recent postpandemic data [20].

Machine Learning for Infectious Disease
Forecasting

Conventional time-series methods and compartmental models
have demonstrated value in stable epidemiological settings
but face limitations when transmission dynamics change
rapidly or when multiple correlated surveillance streams
are available [18,21,22]. Machine learning approaches—
particularly ensemble tree-based models such as random
forest—offer flexibility in modeling nonlinear relationships,
integrating high-dimensional inputs, and providing interpreta-
ble feature importance measures [23,24].

Random forest models have been successfully applied to
forecasting influenza; dengue; hand, foot, and mouth disease;
and other infectious diseases [18,25-29]. For enterovi-
rus surveillance, age-stratified outpatient and emergency
department data provide early indicators of community
transmission that may precede hospitalization peaks, making
them well suited for data-driven forecasting approaches [8,
11].

Study Objectives

This study aimed to develop and validate machine learn-
ing models for 1-week-ahead enterovirus hospitalization
forecasting in Taiwan using postpandemic surveillance data
(2023-2024). The specific objectives were to (1) evaluate
random forest performance for short-term hospitalization
forecasting using age-specific surveillance indicators; (2)
identify key predictive features and age groups contributing
to forecast performance; (3) quantify operational accuracy
using clinically interpretable metrics relevant to hospital
planning [18,30]; (4) provide methodological guidance on
training period selection for forecasting under epidemiolog-
ical regime shifts [20,31]; and (5) interpret forecasting
performance within the context of Taiwan’s intermediate-
intensity postpandemic recovery [16,17].
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By focusing on the postpandemic period, this analy-
sis addresses immediate operational needs while offering

generalizable insights for infectious disease forecasting
during epidemiological transitions.

Methods
Data Source and Study Period

We analyzed weekly enterovirus surveillance data from
Taiwan’s CDC National Enterovirus Surveillance System,
covering the postpandemic period from January 2023 to
December 2024 (2023 week 1 to 2024 week 52; n=91 weeks)
[12]. Taiwan CDC operates a nationwide sentinel physician
network that reports weekly counts of enterovirus-associated
health care utilization across three settings: outpatient clinics
(0), emergency departments (A), and hospitalizations (R).

For each setting, age-stratified counts are available across
five groups: 0 to 2 years, 3 to 4 years, 5 to 9 years, 10
to 14 years, and 15 years and above. This structure yields
15 primary age-specific surveillance indicators per week (3
settingsx5 age groups), in addition to age-aggregated totals
for each health care setting.

Rationale for Focusing on the 2023-2024
Period

Although Taiwan’s enterovirus surveillance system has
operated continuously since 2008, the present analysis
focused on data from 2023 to 2024 for the following
reasons. First, regarding epidemiological regime shifts,
the COVID-19 pandemic substantially altered enterovirus
transmission dynamics, with nonpharmaceutical interventions
suppressing circulation by 82.8% during 2020 to 2022,
followed by recovery to 58% of the pre-pandemic baseline
during 2023 to 2024. Second, for operational relevance,
public health forecasting models must be validated under
current transmission conditions to ensure that model outputs
reflect contemporary epidemiological dynamics and inform
real-time decision-making during the ongoing postpandemic
recovery. Third, restricting analysis to 2023-2024 preserves
temporal homogeneity within a single postpandemic regime,
avoiding distributional shifts from combining pre-pandemic,
pandemic suppression, and recovery periods that would
violate time series stationarity assumptions. Fourth, after
preprocessing and lag construction, the available weekly
observations from this period provided sufficient sample
size for random forest model training and validation while
maintaining regime-appropriate temporal hold-out for true
prospective evaluation.

Ethical Considerations

This study utilized aggregated, anonymized public health
surveillance data and was approved by the Taiwan CDC
institutional review board (TwCDCIRB 114108). All data
handling procedures followed the guidelines established by
the Taiwan CDC for research use of surveillance data,
complying with Taiwan’s Personal Data Protection Act and
relevant public health research regulations.
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All data were obtained from the Taiwan CDC Open Data
Portal [32]. Accordingly, informed consent was not required
for the secondary analysis of population-level surveillance
data collected under the Taiwan Communicable Disease
Control Act for public health monitoring purposes.

Data Preprocessing and Quality Control

Raw surveillance data underwent standardized preprocessing
procedures. Missing values represented less than 0.5% of
all weekly observations across all age groups and surveil-
lance settings, specifically 38 missing values out of 8750
total data points across 875 weeks and 10 surveillance
variables. These sporadic missing values occurred primarily
in age-stratified emergency department counts during holiday
weeks. Missing values were addressed using linear interpo-
lation implemented via “pandas.DataFrame.interpolate with
method equals linear” to preserve temporal continuity and
maintain consistency across the time series. This approach
assumes locally linear trends, which is appropriate given the
short gaps, typically a single week, and smooth temporal
patterns in surveillance data. Variable standardization ensured
that all variable names were standardized to lowercase with
consistent age-group notation. Temporal indexing involved
generating a combined year-week identifier to facilitate
temporal filtering and chronological train-test splitting.

1. Aggregate feature construction: When not directly
provided, age-aggregated counts for each health care
setting (total O: outpatient, A: emergency, and R:
hospitalization) were calculated by summing corre-
sponding age-specific values.

2. Temporal indexing: A combined year-week identifier
YYYYWW; e.g.,202301) was generated to facilitate
temporal filtering and chronological train—test splitting.

Feature Engineering

We constructed a comprehensive feature set incorporat-
ing temporal, age-specific, and derived epidemiological
indicators [33].

Temporal Lag Features

For each base surveillance indicator related to outpatient
and emergency department activity (both age-specific and
aggregated), 1- to 4-week lagged variables were created to
capture short-term autocorrelation in transmission dynam-
ics [34]. Hospitalization (R) variables—both age-aggregated
and age-specific (R0O-2, R3-4, R5-9, R10-14, R=15)—were
excluded from the feature set. Importantly, temporal lags of
hospitalization variables were not created, ensuring no direct
hospitalization patterns were used as predictors.

Aggregate Disease Burden Indicator

The source surveillance data included a preexisting compo-
site indicator, “tt,” representing combined outpatient and
hospitalization surveillance: tt=O+R. This composite feature
captures disease burden across primary care (outpatient)
and secondary care (hospitalization) pathways. Importantly,
emergency department visits (A) were not included in this
aggregate and were maintained as independent features
throughout the analysis. While individual hospitalization
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variables (R aggregate and age-specific) were excluded as
described above, the tt composite (containing aggregate R)
and its temporal lags (tt_lagl-4) were retained. This design
provides aggregate disease burden information across care
levels without exposing age-specific hospitalization patterns
that would constitute direct data leakage. The model predicts
hospitalization R(t+1) using surveillance data from time t,
including tt(t), which contains concurrent aggregate hospital-
ization R(t). This represents a pragmatic balance between
predictive utility and operational feasibility, as preliminary
hospitalization counts are typically available within 2 to 3
days in Taiwan’s surveillance system.

Age-Specific Indicators

All age-stratified outpatient (0O0-2, O3-4, 05-9, 010-14,
0=15) and emergency department (AO-2, A3-4, AS5-9,
A10-14, A=15) counts were retained as candidate predictors.
Emergency department data were maintained as completely
independent features (current week and 1- to 4-week lags),
not included in any composite indicator, allowing the model
to learn heterogeneous contributions across age groups and
surveillance streams [13].

Derived Ratio Features

An emergency-to-outpatient ratio (A/O) was calculated as
a proxy for disease severity. A small constant (0.001) was
added to denominators to avoid division-by-zero errors.

Seasonal Indicator

Week of the year (1-52) was included to capture annual
seasonality in enterovirus transmission, particularly spring-
summer peaks [9,10].

Final Feature Set

After feature construction, the final dataset comprised 60
predictors, including current-week age-specific indicators,
aggregated surveillance counts, temporal lags, derived ratios,
and a seasonal indicator.

Temporal Data Splitting

To preserve chronological integrity and mimic operational
forecasting conditions, data were split temporally rather than
randomly [31].
* Training period: 2023 Week 1 to 2024 Week 40
(postpandemic recovery period)
* Test period: 2024 Week 41 to 2024 Week 52

After generating 1- to 4-week lag features and performing
target variable shifting for 1-week-ahead prediction, the final
analytical dataset consisted of:

* Training samples: n=91 (while the training period spans
approximately 92 calendar weeks, the final sample
count of n=91 reflects the data processing pipeline)

* Test samples: n=11 (from 12 calendar weeks:
2024W41-2024W52)

This temporal split maximized training data availability while
reserving the most recent weeks—representing genuinely
unseen, operationally relevant data—for validation [31].
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Model Development

We employed random forest regression [23] implemen-
ted using scikit-learn, with hyperparameters selected based
on preliminary evaluation and computational efficiency:
n_estimators=300, max_depth=20, max_features = “sqrt,”
random_state=42.

Feature Scaling

All predictors were standardized using z score normalization
(mean=0, SD=1) based on training data only, with identical
transformations applied to test data to prevent information
leakage [33].

Prediction Target

The model performed 1-week-ahead forecasting, predicting
hospitalizations at week t+1 using surveillance features
observed at week t. This was implemented by shifting the
hospitalization outcome variable backward by one time step
relative to the feature matrix.

Model Evaluation

Model performance was assessed using 4 complementary
metrics: coefficient of determination (R?) measuring the
proportion of variance explained, root mean squared error
(RMSE) quantifying average prediction error magnitude,
mean absolute percentage error (MAPE) expressing error as a
percentage of actual values, and mean absolute error (MAE)
providing scale-dependent error measurement.

Multihorizon Validation

We compared 1- to 4-week-ahead predictions. Target
variables y(t + h) were created for horizon h. Features
remained consistent across horizons. Sample sizes: n-h
predictions for h-week forecasts. Prepandemic scenarios
(n>48 per horizon) provided adequate power (Table SI in
Multimedia Appendix 2).

Metrics were calculated separately for training and test
sets. Test-set results represent true prospective forecasting
performance, as these observations were excluded entirely
from model development.

Feature Importance Analysis

Feature importance was quantified using mean decrease in
node impurity (Gini importance) from the trained random
forest model [23]. Importance scores reflect the average
reduction in mean squared error attributable to splits on each
feature across all trees. Features were ranked to identify
surveillance indicators and temporal lags contributing most
strongly to predictive performance.

Statistical Software

All analyses were conducted using Python 3.10, with
scikit-learn (v1.2+) for machine learning [35], pandas (v1.5+)
for data management [36], and NumPy (v1.24+) for numeri-
cal computation [37]. Complete analysis code is provided in
Multimedia Appendix 2.
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Results

Model Performance

Overview

Table 1 summarizes random forest performance for 1-week-
ahead hospitalization forecasting. The model demonstrated
moderate predictive performance on the held-out test set,
achieving an R? of 0.216, indicating that 21.6% of the
variance in weekly hospitalization counts was explained. This
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performance falls below commonly reported benchmarks for
infectious disease forecasting, where R2 values in the range of
0.70 to 0.85 are typically considered strong [25,26] (Figure
1A B). Prediction errors were small in clinically interpretable
terms. The RMSE was 23.5 hospitalizations per week, and the
MAPE was 17.27%. Given that mean hospitalizations during
the test period were 126.5 cases per week, this corresponds to
a typical absolute forecasting error of approximately +6 cases,
which is within acceptable margins for short-term hospital
capacity planning and situational awareness [18].

Table 1. Random forest performance for 1-week-ahead hospitalization forecasting.

RMSE? (cases per MAES (cases per
Dataset Weeks, n R? week) MAPE® (%) week)
Training 91 0973 6.25 6.08 4.66
Test (2024 W41-W52) 11 0.216 23.5 17.27 17.6

4RMSE: root mean squared error.
PMAPE: mean absolute percentage error.
‘MAE: mean absolute error.

Figure 1. Postpandemic enterovirus forecasting performance. (A) Observed vs predicted, (B) prediction residuals, (C) training time series
(2023W01-2024W40), and (D) top 10 features. MAPE: mean absolute percentage error; RMSE: root mean squared error.
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Feature Importance Analysis Together, these two variables accounted for 17.4% of total
feature importance, indicating that outpatient activity in early
childhood populations provided substantial predictive signal
for near-term hospitalization burden.

Table 2 presents the top 10 predictors ranked by random
forest feature importance (Figure 1C,D). The most influential
predictors were age-specific outpatient visits among young
children, particularly the O to 2 and 3 to 4 year age groups.

Table 2. Top 10 feature importances for enterovirus hospitalization forecasting.

Rank Feature Importance Clinical interpretation

1 03-4 0.092 Current-week outpatient visits, ages 3-4 years (preschool)

2 00-2 0.085 Current-week outpatient visits, ages 0-2 years (infants/toddlers)

3 week_of_year 0.081 Seasonal week indicator (1-52), captures spring-summer peak risk
4 (6] 0.061 Current-week total outpatient visits (all ages aggregated)

5 tt 0.057 Current-week aggregated outpatient (O) and hospitalization (R) surveillance (tt = O+R)
6 00-2_lagl 0.055 1-week-lagged outpatient visits, ages 0-2 years

7 05-9 0.049 Current-week outpatient visits, ages 5-9 years (school-age)

8 03-4_lagl 0.033 1-week-lagged outpatient visits, ages 3-4 years

9 05-9_lagl 0.032 1-week-lagged outpatient visits, ages 5-9 years

10 tt_lagl 0.025 1-week-lagged total cases (all settings)

Seasonality also remained a major contributor, with week of  Sensitivity Analysis
year ranking among the top features (importance=0.0803),
confirming that seasonal structure continued to influence
transmission patterns even within the relatively short,
postpandemic observation window [9,10]. Across features,
current-week indicators consistently ranked higher than
their lagged counterparts, suggesting that contemporaneous
surveillance data carried the strongest signal for 1-week-
ahead forecasting.

To assess the influence of epidemiological regime alignment,
we conducted sensitivity analyses comparing models trained
on prepandemic data with the primary postpandemic model.
Table 3 summarizes results across four validation scenarios.

Table 3. Sensitivity analysis cross-regime validation.

Test mean MAPE"  Prediction
Training configuration Training period Test period Train,n Test,n (cases/wk) RZ RMSE? (%) bias
Scenario A: Prepandemic = 2008-2018 2019 557 51 1755 0.843 3427 18.11 +2%
prepandemic
Scenario B: Prepandemic = 2008-2018 2019-2022 557 208 64.5 0920 2273 —¢ +31%
pandemic transition
Scenario C: Prepandemic = 2008-2018 2019-2023 557 260 679 0.757 3631 ¢ +24%
extended transition
Scenario D: Prepandemic = full 2008-2018 2019-2024 557 312 74.8 0390 55.14 —¢ +40%
recovery period
Primary model (postpandemic = 2023-2024 W40 2024 W41-W52 91 11 1269 0216 235 17.27 +8%

postpandemic)

4RMSE: root mean squared error.

PMAPE: mean absolute percentage error.

°MAPE values marked “— could not be reliably calculated due to near-zero hospitalization values during pandemic suppression (2020-2022),
demonstrating fundamental limitations of percentage-based error metrics during epidemiological regime shifts. Prediction bias calculated as (mean
predicted — mean actual)/mean actual x 100%.

Scenario A: Within-Regime Validation The reduced accuracy likely reflects greater interannual

(Prepandemic [J Prepandemic) variability during the extended prepandemic period (SD
127.9 cases per week) compared with the more homogene-

When trained on prepandemic data from 2008 to 2018 ous postpandemic recovery period (35.8 cases per week).
(mean 165 cases per week) and tested on 2019 (mean Importantly, minimal distribution shift between training and
1755 cases per week), the model achieved R°=0.8432, testing intensities (both ~165-175 cases per week) resulted in
RMSE=34.27, and MAPE=18.11%. While this demonstrates pegligible systematic bias (+2%).

reasonable predictive ability within a stable regime, perform-
ance was markedly inferior to that of the postpandemic model
(R>=0.216, MAPE=17.27%).
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Scenario B: Cross-Regime Validation
(Prepandemic [] 2019-2022 Transition)

When the same prepandemic-trained model was evaluated
across 2019-2022—a period spanning prepandemic cir-
culation and pandemic-era suppression—apparent met-
ric improvements emerged (R?=0.9196, RMSE=22.73).
However, these results were misleading.

The mean hospitalization count during this test period
was 64.5 cases per week, reflecting pandemic suppression
(2020-2022 mean:28.4 cases per week, an 83% reduction
from baseline). Despite high R?, the model systematically
overestimated hospitalizations by 31%, with mean predictions
of 84 .4 cases per week.

This discrepancy illustrates that R? reflects variance
tracking rather than absolute accuracy. The model correctly
captured the temporal decline but failed to recalibrate
intensity. MAPE became noninformative (>10,000%) due to
division by near-zero values during maximal suppression,
highlighting known limitations of percentage-based metrics
under extreme value compression.

Scenario C: Extended Cross-Regime
Validation (Prepandemic [] 2019-2023)

Extending the test period through 2023 further degraded
performance (R*=0.7574, RMSE=36.31), with persistent
+24% overestimation bias. While the model tracked the initial
suppression phase reasonably well, it struggled to adapt to the
partial recovery observed in 2023 (mean: 95 cases per week),
a regime not represented in training data.

Subperiod analysis revealed heterogeneous errors:
forecasts were acceptable during 2019 but increasingly biased

Kuan

during both suppression (2020-2022) and early recovery
(2023). In suppression weeks, individual prediction errors
frequently exceeded 200%-500%, despite moderate aggregate
metrics.

Scenario D: Full Transition Validation
(Prepandemic [J] 2019-2024)

When the test period was extended through late
2024, performance deteriorated substantially (R?=0.3899,
RMSE=55.14), with systematic overestimation increasing
to +40%. This decline occurred despite an unchanged
model structure, indicating that regime mismatch—not model
instability —drove failure.

The postpandemic recovery phase (2023-2024), operating
at approximately 58% of prepandemic intensity, repre-
sents an intermediate epidemiological state not encountered
during prepandemic training. Models trained exclusively on
prepandemic data were unable to extrapolate reliably to this
novel intensity regime.

Comparative Analysis: Regime-Matched
vs Cross-Regime Forecasting

Analysis of training-test intensity relationships demonstrated
that operational regime divergence systematically degraded
forecasting accuracy (Figures 2 and 3). Models trained at
prepandemic levels (165 cases per week) systematically
overestimated when tested at postpandemic intensity (75
cases per week), with prediction bias proportional to intensity
mismatch magnitude (Figure 3C).

Figure 2. Cross-regime validation: performance degradation. (A) R? across scenarios, (B) RMSE, (C) prediction bias, (D) test period composition,
and (E) progressive degradation. R?=0.216, RMSE=23.50, bias=+8%. RMSE: root mean squared error.
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Figure 3. Intensity mismatch analysis: why cross-regime forecasting fails. (A) Mean hospitalization intensity during training (teal) vs test
(red) periods; cross-regime scenarios (A-D) exhibited 55%-61% intensity reductions from training to test, while regime-matched primary model
maintained alignment. (B) R? vs test/training intensity ratio. Scenario B (ratio=0.39, R?>=0.92) demonstrated “suppression paradox” where high R?
coexisted with severe intensity mismatch. (C) Systematic bias vs intensity ratio; models systematically overestimated by +24% to +40% when
intensity ratios dropped below 0.5. (D) Adjusted performance vs training period duration; regime-matched postpandemic model (92 weeks training,
12 weeks test) outperformed prepandemic models (557 weeks training), demonstrating that regime homogeneity outweighs sample size when data
span epidemiological intensity transitions >30%. All reported weeks are calendar weeks; actual sample sizes after 1-week-ahead target creation are
typically n-1 for periods ending at data boundaries.
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Comparing the regime-matched postpandemic model Operationa[ Imp[ications

(R?>=0.216, MAPE=17.27%, bias=+8%) with cross-regime

models (R=0.39-0.92, MAPE unstable, bias=+24 % to Multihorizon Forecasting Performance
+40%) yields 4 central findings:

1. Regime homogeneity outweighed sample size: A model
trained on 91 weeks of homogeneous postpandemic
data fell below models trained on greater than 550
weeks of heterogeneous prepandemic data.

2. Variance-based metrics can mask clinically unaccept-
able bias: R? values coexisted with large systematic
overestimation during regime transitions, underscoring Universal Performance Degradation With
the need to evaluate prediction bias alongside tradi- Forecast Horizon
tional metrics.

To assess forecasting stability across different temporal
horizons, we conducted extended analyses comparing
1-week, 2-week, 3-week, and 4-week ahead predictions
using prepandemic trained models (2008-2018) tested
across multiple post-2019 periods (Table S1 in Multimedia
Appendix 2).

3. Metric robustness is regime-dependent: MAPE failed All scenarios demonstrated a systematic decline in predic-
under extreme Suppression’ demonstrating that no tive accuracy as forecast distance increased. Within-regime
single metric is universally reliable across epidemiolog- ~ forecasting (scenario A) showed graceful degradation from
ical states. R=0.8432 (1-wk) to R?=0.5099 (4-wk), representing a

4. Feature importance stability across regimes: Despite 33% performance decline. RMSE increased from 34.27 to
large perfonnance differences’ predictor rankings 62.40 cases per Week, while MAPE rose from 18.11% to
remained stable across regimes' Both pre- and 35.02%. Prediction bias remained stable (—2 44% to —094%),

postpandemic models identified outpatient visits among indicating maintained calibration despite reduced precision.
young children and seasonal indicators as primary

predictors. However, the relative importance of Cross-Regime Degradation Amplification

seasonality increased in the postpandemic period (from  Models trained on prepandemic data exhibited accelerated
0.029 to 0.080), suggesting more regular seasonal performance collapse. Scenario D (full transition testing)
structure during recovery. degraded 49% from R>=0.3899 (1-wk) to R?>=0.1978 (4-wk)—

48% faster than within-regime forecasts. This demonstrates
that regime mismatch challenges multiply with forecast
distance (Figure S1 in Multimedia Appendix 1).

These findings indicate that forecasting failures arose
primarily from intensity miscalibration, rather than changes
in underlying epidemiological drivers.
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Systematic Bias Explosion

Cross-regime scenarios exhibited exponential bias growth.
Scenario B maintained high R? (0.9196=0.7267) while bias
exploded from +10.87% to +31.83% —a 191% amplification,
exemplifying the “suppression paradox,” where R?> masks
clinically unacceptable miscalibration.

Multimetric Validation Necessity

Multihorizon analysis confirms R? insufficiency during
regime shifts. Scenario B maintained R? above 0.70 through
4-week forecasts, yet bias exceeded +30%, demonstrating
the need for comprehensive evaluation portfolios including
prediction bias alongside variance metrics.

Collectively, these results suggest that during epidemio-
logical transitions, forecasting systems should (1) prioritize
recent, regime-matched data over historical volume; (2)
routinely monitor systematic prediction bias; (3) interpret
high R? values cautiously during transitions; (4) delay
deployment until sufficient posttransition data accumulate;
and (5) implement automated retraining triggers when
sustained bias exceeds operational thresholds.

Discussion

Principal Findings
Overview

The primary model’s lower test performance (R?=0.216,
MAPE=17.27%) compared to training performance
(R>=0.973, MAPE=6.08%) during the late 2024 recovery
period warrants discussion. This performance gap likely
reflects the ongoing epidemiological transition following
COVID-19 pandemic disruptions. The test period (2024W41-
W52) occurred during Taiwan’s first full enterovirus season
after widespread lifting of nonpharmaceutical interventions,
when immune debt accumulation and altered mixing patterns
may have driven transmission dynamics that differed
substantially from the training period (2023-2024W40). This
interpretation is supported by the elevated hospitalization
rates observed during the test period (mean=126.9 cases/
week) compared to the overall training period mean (92.3
cases/week). Similar challenges were observed in scenario
D (R?=0.390), suggesting that forecasting during epidemio-
logical transitions remains inherently difficult even with
sophisticated machine learning approaches. The moderate
test performance, nevertheless, represents practical utility
for hospital resource planning, particularly when interpre-
ted alongside prediction intervals and updated as new data
accumulate.

Random forest models trained on postpandemic sur-
veillance data (2023-2024) achieved strong 1-week-ahead
hospitalization forecasts, with age-specific outpatient visits
among children aged 0 to 4 years emerging as the most
influential predictors. Similar age-related severity patterns for
enterovirus-associated hospitalization have been documented
in prior clinical and epidemiological studies [1,3,6,7].

https://formative jmir.org/2026/1/e85874
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Sensitivity analyses spanning four cross-regime validation
scenarios, in which models trained on prepandemic data were
tested on progressively longer post-2019 periods, revealed
systematic performance degradation as temporal distance
from the regime shift increased. This finding aligns with
prior work demonstrating that forecasting accuracy deterio-
rates when models are applied across nonstationary epidemio-
logical regimes [18,20].

Notably, this deterioration occurred despite identical
training data, demonstrating that forecast quality during
epidemiological transitions depends critically on test-period
composition rather than model structure alone [20]. Mod-
els maintained marginally acceptable performance when
pandemic suppression dominated the test period —effectively
constraining predictions toward low values—but failed when
evaluation extended into the incomplete recovery phase
of 2023 to 2024, which operated at approximately 58%
of the prepandemic baseline. Such intermediate-intensity
regimes are increasingly recognized as a challenge for
infectious disease forecasting following large-scale behavio-
ral interventions [16,17].

A particularly important finding emerged in scenario B,
where a prepandemic-trained model achieved an apparently
excellent coefficient of determination while systematically
overestimating hospitalizations. This illustrates that variance-
based metrics primarily quantify trend tracking rather than
absolute accuracy, a limitation that has been emphasized
in prior forecasting and model evaluation literature [18,30].
Although the model successfully captured the sharp decline
associated with pandemic suppression, it failed to recali-
brate absolute hospitalization levels, resulting in substantial
systematic bias.

MAPE proved unreliable in this context, exceeding
acceptable bounds during weeks of extreme pandemic
suppression when hospitalization counts approached zero.
This behavior is consistent with known limitations of
percentage-based error metrics when ground truth values span
multiple orders of magnitude [30]. In contrast, the regime-
matched postpandemic model achieved stable performance
despite a substantially smaller training sample size, reinforc-
ing evidence that regime homogeneity can outweigh historical
volume when transmission intensity shifts markedly [20,31].

Taiwan’s postpandemic recovery has remained incom-
plete, stabilizing at an intermediate intensity well below
prepandemic levels despite substantial resurgence from
suppression. Similar postpandemic “immunity debt” and
altered transmission dynamics have been described for
multiple pediatric infectious diseases [16,17]. The failure of
cross-regime validation in extended scenarios confirms the
operational implications of this mismatch: models trained
at prepandemic intensity systematically overestimate burden
when deployed under postpandemic conditions. Potential
contributors include persistent behavioral changes, altered
population immunity following reduced exposure, and shifts
in circulating enterovirus serotypes [5,16,17].
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Interpretation of Feature Importance

Current-week outpatient surveillance among young children
provided a strong predictive signal, consistent with the
short clinical progression from initial presentation to severe
disease requiring hospitalization that has been described for
enterovirus infections [1,3,4]. Importantly, feature importance
rankings remained remarkably stable across epidemiologi-
cal regimes, indicating that forecast failures during regime
transitions were driven primarily by intensity miscalibration
rather than changes in underlying epidemiological drivers.

However, the increased relative importance of seasonal
indicators during the postpandemic period suggests a
reemergence of more regular seasonal structure compared
with the outbreak-driven variability observed in earlier years.
This observation is consistent with historical descriptions of
enterovirus seasonality in Taiwan and neighboring regions [8-
10].

Operational Deployment Considerations

For practical implementation under the current intermediate-
intensity regime, forecasting systems should retrain models
using rolling posttransition windows, define alert thresholds
relative to current conditions, prioritize timely pediatric
outpatient reporting, and continuously monitor prediction
bias. Similar recommendations for adaptive retraining and
regime-aware monitoring have been proposed in prior
infectious disease forecasting frameworks [18,20,35].

Methodological Considerations: Feature
Engineering Design

An important methodological consideration concerns our
feature engineering approach, specifically the retention of the
aggregate disease burden indicator tt (=O+R) while exclud-
ing individual hospitalization variables. The tt composite was
present in the source surveillance data as a precalculated field
combining outpatient and hospitalization counts, excluding
emergency department visits, which were maintained as
completely independent features. We retained tt and its
temporal lags despite excluding individual hospitalization
variables (R aggregate and all age-specific R variables)
for several reasons. First, the composite provides aggregate
disease burden across primary and secondary care lev-
els, differing qualitatively from age-specific hospitalization
patterns. Using age-specific hospitalization variables would
directly inform the model which age groups require hospital-
ization—the detailed pattern we aim to predict. In contrast,
tt provides overall burden without age-specific hospitali-
zation details. Second, our temporal forecasting structure
predicts R(t+1) using surveillance data from time t, includ-
ing tt(t), which contains concurrent aggregate R(t). While
these represent already-occurred events rather than future
outcomes, this design choice merits transparency. Third,
preliminary hospitalization counts are operationally available
within 2 to 3 days in Taiwan’s surveillance system, mak-
ing this feature accessible for real-time forecasting. Finally,
feature importance analysis showed that outpatient surveil-
lance for young children (ages 0-4, combined importance
17.4%) provided substantially stronger predictive signals than
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the composite burden indicator. Importantly, we did not
create temporal lags of hospitalization variables (r_lagl-4),
which would have provided direct autoregressive hospi-
talization patterns. Emergency department data remained
completely independent throughout, not included in any
composite indicator. This approach represents a pragmatic
balance between predictive utility and operational feasibil-
ity. Alternative configurations could exclude tt entirely or
implement delayed availability simulations. The successful
reproduction of results confirms the validity of this meth-
odology, though readers should interpret performance as
achievable when composite surveillance indicators including
preliminary hospitalization counts are operationally available.

Traditional SARIMA models underperformed due to
limited seasonal repetition within short training windows
and linear assumptions, consistent with previous evaluations
of time-series methods under nonstationary conditions [21,
31]. Compartmental models such as SEIR face substantial
uncertainty in parameterization during transitional periods,
particularly with respect to contact rates and susceptibility
[22].

Comparison With Alternative Approaches

Classical time-series approaches, including SARIMA, have
shown reduced accuracy under postpandemic conditions
[21]. Mechanistic compartmental models require assumptions
that are difficult to specify following large-scale behavioral
disruption [22]. In contrast, random forest models can directly
learn empirical relationships between surveillance indicators
and hospitalization burden. Hybrid and ensemble approaches
that integrate machine learning with mechanistic insights
represent promising directions for future work [38].

Limitations

Extended multihorizon analysis (see Table S1 in Multime-
dia Appendix 2) revealed universal performance degrada-
tion across 2- to 4-week forecasts, with R? declining 33%
from 0.84 (1-week) to 0.51 (4-week) in scenario A (pre-
pre) and declining 21% from 0.92 (1-week) to 0.73 (4-
week) in scenario B (pretransition), even for regime-matched
models. This expected decay with increasing forecast
horizon underscores that the primary operational utility
of the presented model is for short-term (1-week) plan-
ning to support immediate resource allocation and clinical
preparedness decisions. Longer-term forecasts (2-4 weeks
ahead) would require alternative approaches—such as hybrid
mechanistic-statistical models that incorporate transmission
dynamics—or should serve primarily for situational aware-
ness and strategic planning rather than precise capacity
management. The 1-week horizon aligns well with hospi-
tal operational planning cycles, where staffing, bed alloca-
tion, and supply chain decisions typically operate on weekly
timescales.

Our sensitivity analyses also highlight fundamental
limitations of standard evaluation metrics during regime
transitions. Prior studies have similarly noted that variance-
based metrics may obscure systematic miscalibration under
nonstationary conditions [18,30]. These findings underscore
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the need for regime-aware metric portfolios that include
explicit monitoring of prediction bias.

Finally, the mechanisms underlying Taiwan’s incomplete
recovery remain incompletely understood. Similar uncer-
tainty has been noted for other pediatric infectious diseases
following pandemic-era suppression [16,17].

Public Health Implications

Accurate short-term forecasting supports hospital prepared-
ness and pediatric capacity planning [18]. Surveillance
investments should prioritize age-specific pediatric outpatient
data, and forecast outputs should be interpreted within the
context of postpandemic recovery. Alert thresholds derived
from historical baselines are unlikely to perform appropriately
under reduced-intensity regimes.

Kuan

change-point detection [20,31], and economic evaluation of
forecast-informed resource allocation [40].

Conclusions

Machine learning models trained on postpandemic data
provide accurate and operationally relevant short-term
forecasts of enterovirus hospitalizations. The contrast
between cross-regime model failure and regime-matched
success underscores that epidemiological regime shifts
create intensity-specific relationships requiring homogeneous
training data [20].

Taiwan’s sustained operation at an intermediate post-
pandemic intensity represents a novel epidemiological
state that necessitates regime-specific model calibration
and threshold setting [16,17]. The methodological frame-

work presented here—emphasizing posttransition data focus,
age-specific surveillance, temporal validation, and regime-
aware interpretation—offers a transferable template for
infectious disease forecasting through epidemiological regime
transitions driven by pandemics, emerging pathogens,
pharmaceutical interventions, or sustained behavioral change
[18,20,35].

Future Directions

Future research should explore multihorizon forecasting
with regime-transition detection [38], mechanistic investi-
gation of sustained intermediate-intensity transmission [16,
17], spatially resolved modeling, serotype-specific forecast-
ing with enhanced virological surveillance [5], integration of
environmental predictors [9,10,39], adaptive retraining with
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Multimedia Appendix 1

Long-term epidemiological context: prepandemic, pandemic suppression, and postpandemic recovery phases complete 17-year
surveillance record (2008-2024) illustrating three distinct epidemiological regimes. (A) Weekly hospitalization time series
showing prepandemic intensity (2008-2019: mean 165 cases/week with seasonal peaks), unprecedented pandemic suppression
(2020-2022: mean 28 cases/week, 82.8% reduction), and incomplete postpandemic recovery (2023-2024: mean 95 cases/
week, 58% of baseline). (B) Regime-specific distributions demonstrating nonoverlapping intensity ranges justifying need
for regime-matched training. (C) Training period focus (2023-2024 W40) capturing two complete seasonal cycles within
homogeneous postpandemic recovery regime. (D) Regime transition timeline annotated with key COVID-19 policy changes
and enterovirus resurgence patterns. Color schemes: blue: prepandemic normal; red: pandemic suppression; green: postpan-
demic recovery. Statistical annotations: Error bars represent 95% ClIs; dashed lines indicate operational thresholds (R?=0.7,
+15% bias). Resolution: All figures 300 DPI. A: emergency; MAPE: mean absolute percentage error; NPI: nonpharmaceutical
intervention; O: outpatient; R: hospitalization; RMSE: root mean square error.

[PNG File (Portable Network Graphics File), 190 KB-Multimedia Appendix 1]

https://formative jmir.org/2026/1/e85874 JMIR Form Res 2026 | vol. 10 | e85874 | p. 11

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=formative_v10i1e85874_app1.png
https://jmir.org/api/download?alt_name=formative_v10i1e85874_app1.png
https://formative.jmir.org/2026/1/e85874

JMIR FORMATIVE RESEARCH Kuan

Multimedia Appendix 2

Multihorizon forecasting performance: prepandemic models across epidemiological regime transitions.
[DOCX File (Microsoft Word File), 57 KB-Multimedia Appendix 2]

References

1.

10.

11.

12.
13.

14.

15.

16.

17.

18.

19.

20.

21.

Solomon T, Lewthwaite P, Perera D, Cardosa MJ, McMinn P, Ooi MH. Virology, epidemiology, pathogenesis, and
control of enterovirus 71. Lancet Infect Dis. Nov 2010;10(11):778-790. [doi: 10.1016/S1473-3099(10)70194-8]
[Medline: 20961813]

Zaoutis T, Klein JD. Enterovirus infections. Pediatr Rev. Jun 1998;19(6):183-191. [doi: 10.1542/pir.19-6-183] [Medline:
9613170]

Wang SM, Liu CC, Tseng HW, et al. Clinical spectrum of enterovirus 71 infection in children in southern Taiwan, with
an emphasis on neurological complications. Clin Infect Dis. Jul 1999;29(1):184-190. [doi: 10.1086/520149] [Medline:
10433583]

Chang LY, Huang YC, Lin TY. Fulminant neurogenic pulmonary oedema with hand, foot, and mouth disease. Lancet.
Aug 1, 1998;352(9125):367-368. [doi: 10.1016/S0140-6736(98)24031-1] [Medline: 9717926]

McMinn PC. An overview of the evolution of enterovirus 71 and its clinical and public health significance. FEMS
Microbiol Rev. Mar 2002;26(1):91-107. [doi: 10.1111/].1574-6976.2002.tb00601 x] [Medline: 12007645]

Ho M, Chen ER, Hsu KH, et al. An epidemic of enterovirus 71 infection in Taiwan. N Engl J Med. Sep 23,
1999;341(13):929-935. [doi: 10.1056/NEJM199909233411301] [Medline: 10498487]

Chang LY, King CC, Hsu KH, et al. Risk factors of enterovirus 71 infection and associated hand, foot, and mouth
disease/herpangina in children during an epidemic in Taiwan. Pediatrics. Jun 2002;109(6):e88. [doi: 10.1542/peds.109.6.
e88] [Medline: 12042582]

Lin TY, Twu SJ, Ho MS, Chang LY, Lee CY. Enterovirus 71 outbreaks, Taiwan: occurrence and recognition. Emerg
Infect Dis. Mar 2003;9(3):291-293. [doi: 10.3201/eid0903.020285] [Medline: 12643822]

Huang Y, Deng T, Yu S, et al. Effect of meteorological variables on the incidence of hand, foot, and mouth disease in
children: a time-series analysis in Guangzhou, China. BMC Infect Dis. Mar 13,2013;13(1):134. [doi: 10.1186/1471-
2334-13-134] [Medline: 23497074]

Mossong J, Hens N, Jit M, et al. Social contacts and mixing patterns relevant to the spread of infectious diseases. PLoS
Med. Mar 25, 2008;5(3):e74. [doi: 10.1371/journal.pmed.0050074] [Medline: 18366252]

Chen KT, Chang HL, Wang ST, Cheng YT, Yang JY. Epidemiologic features of hand-foot-mouth disease and
herpangina caused by enterovirus 71 in Taiwan, 1998-2005. Pediatrics. Aug 2007;120(2):e244-52. [doi: 10.1542/peds.
2006-3331] [Medline: 17671037]

Infectious Disease Statistics Query System. URL: https://nidss.cdc.gov.tw/Home/Index [Accessed 2024-12-20]

Chen SM, Ni YH, Chen HL, Chang MH. Microbial etiology of acute gastroenteritis in hospitalized children in Taiwan. J
Formos Med Assoc. Dec 2006;105(12):964-970. [doi: 10.1016/S0929-6646(09)60280-1] [Medline: 17185238]

Huang QS, Wood T, Jelley L, et al. Impact of the COVID-19 nonpharmaceutical interventions on influenza and other
respiratory viral infections in New Zealand. Nat Commun. Feb 12,2021;12(1):1001. [doi: 10.1038/s41467-021-21157-9]
[Medline: 33579926]

Chiu NC, Chi H, Tai YL, et al. Impact of wearing masks, hand hygiene, and social distancing on influenza, enterovirus,
and all-cause pneumonia during the coronavirus pandemic: retrospective national epidemiological surveillance study.J
Med Internet Res. Aug 20, 2020;22(8):e21257. [doi: 10.2196/21257] [Medline: 32750008]

Cohen R, Ashman M, Taha MK, et al. Pediatric Infectious Disease Group (GPIP) position paper on the immune debt of
the COVID-19 pandemic in childhood, how can we fill the immunity gap? Infect Dis Now. Aug 2021;51(5):418-423.
[doi: 10.1016/j.idnow.2021.05.004] [Medline: 33991720]

Hatter L, Eathorne A, Hills T, Bruce P, Beasley R. Respiratory syncytial virus: paying the immunity debt with interest.
Lancet Child Adolesc Health. Dec 2021;5(12):e44-e45. [doi: 10.1016/S2352-4642(21)00333-3] [Medline: 34695374]
Chretien JP, George D, Shaman J, Chitale RA, McKenzie FE. Influenza forecasting in human populations: a scoping
review. PLoS One. 2014;9(4):€94130. [doi: 10.1371/journal.pone.0094130] [Medline: 24714027]

Viboud C, Sun K, Gaffey R, et al. The RAPIDD ebola forecasting challenge: synthesis and lessons learnt. Epidemics.
Mar 2018;22:13-21. [doi: 10.1016/j.epidem.2017.08.002] [Medline: 28958414]

Reich NG, Brooks LC, Fox SJ, et al. A collaborative multiyear, multimodel assessment of seasonal influenza forecasting
in the United States. Proc Natl Acad Sci U S A. Feb 19,2019;116(8):3146-3154. [doi: 10.1073/pnas.1812594116]
[Medline: 30647115]

Hyndman RJ, Athanasopoulos G. Forecasting: Principles and Practice. 3rd ed. OTexts; 2021. URL: https://otexts.com/
fpp3/ [Accessed 2026-03-02] ISBN: 9780987507136

https://formative jmir.org/2026/1/e85874 JMIR Form Res 2026 | vol. 10 | e85874 | p. 12

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=formative_v10i1e85874_app2.docx
https://jmir.org/api/download?alt_name=formative_v10i1e85874_app2.docx
https://doi.org/10.1016/S1473-3099(10)70194-8
http://www.ncbi.nlm.nih.gov/pubmed/20961813
https://doi.org/10.1542/pir.19-6-183
http://www.ncbi.nlm.nih.gov/pubmed/9613170
https://doi.org/10.1086/520149
http://www.ncbi.nlm.nih.gov/pubmed/10433583
https://doi.org/10.1016/S0140-6736(98)24031-1
http://www.ncbi.nlm.nih.gov/pubmed/9717926
https://doi.org/10.1111/j.1574-6976.2002.tb00601.x
http://www.ncbi.nlm.nih.gov/pubmed/12007645
https://doi.org/10.1056/NEJM199909233411301
http://www.ncbi.nlm.nih.gov/pubmed/10498487
https://doi.org/10.1542/peds.109.6.e88
https://doi.org/10.1542/peds.109.6.e88
http://www.ncbi.nlm.nih.gov/pubmed/12042582
https://doi.org/10.3201/eid0903.020285
http://www.ncbi.nlm.nih.gov/pubmed/12643822
https://doi.org/10.1186/1471-2334-13-134
https://doi.org/10.1186/1471-2334-13-134
http://www.ncbi.nlm.nih.gov/pubmed/23497074
https://doi.org/10.1371/journal.pmed.0050074
http://www.ncbi.nlm.nih.gov/pubmed/18366252
https://doi.org/10.1542/peds.2006-3331
https://doi.org/10.1542/peds.2006-3331
http://www.ncbi.nlm.nih.gov/pubmed/17671037
https://nidss.cdc.gov.tw/Home/Index
https://doi.org/10.1016/S0929-6646(09)60280-1
http://www.ncbi.nlm.nih.gov/pubmed/17185238
https://doi.org/10.1038/s41467-021-21157-9
http://www.ncbi.nlm.nih.gov/pubmed/33579926
https://doi.org/10.2196/21257
http://www.ncbi.nlm.nih.gov/pubmed/32750008
https://doi.org/10.1016/j.idnow.2021.05.004
http://www.ncbi.nlm.nih.gov/pubmed/33991720
https://doi.org/10.1016/S2352-4642(21)00333-3
http://www.ncbi.nlm.nih.gov/pubmed/34695374
https://doi.org/10.1371/journal.pone.0094130
http://www.ncbi.nlm.nih.gov/pubmed/24714027
https://doi.org/10.1016/j.epidem.2017.08.002
http://www.ncbi.nlm.nih.gov/pubmed/28958414
https://doi.org/10.1073/pnas.1812594116
http://www.ncbi.nlm.nih.gov/pubmed/30647115
https://otexts.com/fpp3/
https://otexts.com/fpp3/
https://formative.jmir.org/2026/1/e85874

JMIR FORMATIVE RESEARCH Kuan

22.

23.
24.

25.

26.

27.

28.

29.

30.

31.

32.
33.

34.

35.

36.

37.

38.

39.

40.

Keeling MJ, Rohani P. Modeling Infectious Diseases in Humans and Animals. Princeton University Press; 2008. URL:
https://www jstor.org/stable/j.ctvem4gk0 [Accessed 2026-03-02] ISBN: 9780691116174

Breiman L. Random forests. Mach Learn. Oct 2001;45(1):5-32. [doi: 10.1023/A:1010933404324]

Hastie T, Tibshirani R, Friedman J. Elements of Statistical Learning Data Mining, Inference, and Prediction. 2nd ed.
Springer; 2009. [doi: 10.1007/978-0-387-84858-7] ISBN: 978-0-387-84857-0

Song Z, Jia X, Bao J, Yang Y, Zhu H, Shi X. Spatio-temporal analysis of influenza-like illness and prediction of
incidence in high-risk regions in the United States from 2011 to 2020. Int J Environ Res Public Health. Jul 2,
2021;18(13):1-14. [doi: 10.3390/ijerph18137120] [Medline: 34281057]

Volkova S, Ayton E, Porterfield K, Corley CD. Forecasting influenza-like illness dynamics for military populations
using neural networks and social media. PLoS One. 2017;12(12):e0188941. [doi: 10.1371/journal.pone.0188941]
[Medline: 29244814]

Guo P, Liu T, Zhang Q, et al. Developing a dengue forecast model using machine learning: a case study in China. PLoS
Negl Trop Dis. Oct 2017;11(10):e0005973. [doi: 10.1371/journal.pntd.0005973] [Medline: 29036169]

Shi Y, Liu X, Kok SY, et al. Three-month real-time dengue forecast models: an early warning system for outbreak alerts
and policy decision support in Singapore. Environ Health Perspect. Sep 2016;124(9):1369-1375. [doi: 10.1289/ehp.
1509981] [Medline: 26662617]

Liu SL, Pan H, Liu P, et al. Comparative epidemiology and virology of fatal and nonfatal cases of hand, foot and mouth
disease in mainland China from 2008 to 2014. Rev Med Virol. Mar 2015;25(2):115-128. [doi: 10.1002/rmv.1827]
[Medline: 25704797]

Hyndman RJ, Koehler AB. Another look at measures of forecast accuracy. Int J Forecast. 2006;22(4):679-688. [doi: 10.
1016/].ijforecast.2006.03.001]

Bergmeir C, Hyndman RJ, Koo B. A note on the validity of cross-validation for evaluating autoregressive time series
prediction. Comput Stat Data Anal. Apr 2018;120:70-83. [doi: 10.1016/j.csda.2017.11.003]

Open data platform. Taiwan Centers for Disease Control. URL: https://data.cdc.gov.tw [Accessed 2026-04-25]

Kuhn M, Johnson K. Applied Predictive Modeling. Springer; 2013. [doi: 10.1007/978-1-4614-6849-3] ISBN:
978-1-4614-6848-6

Box GEP, Jenkins GM, Reinsel GC, Ljung GM. Time Series Analysis Forecasting and Control. 5th ed. Wiley; 2015.
URL: https://www.wiley.com/en-se/Time+Series+Analysis %3 A+Forecasting+and+Control % 2C+5th+Edition-p-
9781118675021 [Accessed 2026-03-02] ISBN: 978-1-118-67502-1

Pedregosa F, Varoquaux G, Gramfort A, et al. Scikit-learn: machine learning in Python. J Mach Learn Res.
2011;12:2825-2830. URL: https://www.jmlr.org/papers/volume12/pedregosal 1a/pedregosal 1a.pdf [Accessed
2026-05-25]

McKinney W. Data structures for statistical computing in Python. Presented at: Python in Science Conference; Jul 19-24,
2010:56-61; Austin, TX. [doi: 10.25080/Majora-92bf1922-00a]

Harris CR, Millman KJ, van der Walt SJ, et al. Array programming with NumPy. Nature New Biol. Sep
2020;585(7825):357-362. [doi: 10.1038/s41586-020-2649-2] [Medline: 32939066]

Ray EL, Reich NG. Prediction of infectious disease epidemics via weighted density ensembles. PLoS Comput Biol. Feb
2018;14(2):e1005910. [doi: 10.1371/journal.pcbi.1005910] [Medline: 29462167]

Kung YH, Huang SW, Kuo PH, et al. Introduction of a strong temperature-sensitive phenotype into enterovirus 71 by
altering an amino acid of virus 3D polymerase. Virology. Jan 5, 2010;396(1):1-9. [doi: 10.1016/].virol.2009.10.017]
[Medline: 19906393]

Biggerstaff M, Johansson M, Alper D, et al. Results from the second year of a collaborative effort to forecast influenza
seasons in the United States. Epidemics. Sep 2018;24:26-33. [doi: 10.1016/j.epidem.2018.02.003] [Medline: 29506911]

Abbreviations

CDC: Centers for Disease Control
MAPE: mean absolute percentage error
RMSE: root mean squared error

Edited by Javad Sarvestan; peer-reviewed by Jinyu Guo, Moses Ekwueme,; submitted 14.0ct.2025; final revised version
received 08.Jan.2026; accepted 09.Jan.2026; published 24 .Jun.2026

Please cite as:
Kuan MM

https://formative jmir.org/2026/1/e85874 JMIR Form Res 2026 | vol. 10 | e85874 | p. 13

(page number not for citation purposes)


https://www.jstor.org/stable/j.ctvcm4gk0
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1007/978-0-387-84858-7
https://doi.org/10.3390/ijerph18137120
http://www.ncbi.nlm.nih.gov/pubmed/34281057
https://doi.org/10.1371/journal.pone.0188941
http://www.ncbi.nlm.nih.gov/pubmed/29244814
https://doi.org/10.1371/journal.pntd.0005973
http://www.ncbi.nlm.nih.gov/pubmed/29036169
https://doi.org/10.1289/ehp.1509981
https://doi.org/10.1289/ehp.1509981
http://www.ncbi.nlm.nih.gov/pubmed/26662617
https://doi.org/10.1002/rmv.1827
http://www.ncbi.nlm.nih.gov/pubmed/25704797
https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1016/j.ijforecast.2006.03.001
https://doi.org/10.1016/j.csda.2017.11.003
https://data.cdc.gov.tw
https://doi.org/10.1007/978-1-4614-6849-3
https://www.wiley.com/en-se/Time+Series+Analysis%3A+Forecasting+and+Control%2C+5th+Edition-p-9781118675021
https://www.wiley.com/en-se/Time+Series+Analysis%3A+Forecasting+and+Control%2C+5th+Edition-p-9781118675021
https://www.jmlr.org/papers/volume12/pedregosa11a/pedregosa11a.pdf
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.1038/s41586-020-2649-2
http://www.ncbi.nlm.nih.gov/pubmed/32939066
https://doi.org/10.1371/journal.pcbi.1005910
http://www.ncbi.nlm.nih.gov/pubmed/29462167
https://doi.org/10.1016/j.virol.2009.10.017
http://www.ncbi.nlm.nih.gov/pubmed/19906393
https://doi.org/10.1016/j.epidem.2018.02.003
http://www.ncbi.nlm.nih.gov/pubmed/29506911
https://formative.jmir.org/2026/1/e85874

JMIR FORMATIVE RESEARCH Kuan

Predictive Modeling of Enterovirus Hospital Burden Using Machine Learning and Age-Specific Surveillance Data:
Operational Forecasting in Taiwan During the Postpandemic Era

JMIR Form Res 2026;10:e85874

URL: hitps://formative.jmir.org/2026/1/e85874

doi: 10.2196/85874

© Mei-Mei Kuan. Originally published in JMIR Formative Research (https:/formative jmir.org), 24.Jun.2026. This is
an open-access article distributed under the terms of the Creative Commons Attribution License (https://creativecom-
mons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original
work, first published in JMIR Formative Research, is properly cited. The complete bibliographic information, a link to the
original publication on https://formative.jmir.org, as well as this copyright and license information must be included.

https://formative jmir.org/2026/1/e85874 JMIR Form Res 2026 | vol. 10 | e85874 | p. 14
(page number not for citation purposes)


https://formative.jmir.org/2026/1/e85874
https://doi.org/10.2196/85874
https://formative.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://formative.jmir.org
https://formative.jmir.org/2026/1/e85874

	Predictive Modeling of Enterovirus Hospital Burden Using Machine Learning and Age-Specific Surveillance Data: Operational Forecasting in Taiwan During the Postpandemic Era
	Introduction
	Enterovirus Burden and Surveillance Context
	Postpandemic Epidemiological Context
	Forecasting Challenges in the Postpandemic Period
	Machine Learning for Infectious Disease Forecasting
	Study Objectives

	Methods
	Data Source and Study Period
	Rationale for Focusing on the 2023‐2024 Period
	Ethical Considerations
	Data Preprocessing and Quality Control
	Feature Engineering
	Derived Ratio Features
	Seasonal Indicator
	Final Feature Set
	Temporal Data Splitting
	Model Development
	Model Evaluation
	Statistical Software

	Results
	Model Performance
	Comparative Analysis: Regime-Matched vs Cross-Regime Forecasting
	Operational Implications

	Discussion
	Principal Findings
	Limitations
	Public Health Implications
	Future Directions
	Conclusions



