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ABSTRACT

Forecasting Influenza Dynamics in the U.S is a project that I collected case data from the Cen-
ters for Disease Control and Prevention (CDC) between May and October 2024. 1 used the
n-sub epidemic model [8] and the STAT MOD Predict toolbox [7] to evaluate the pre-
dictive performance of various forecasting models across the U.S.

The analysis focused on the five regions in the U.S including: National, Midwest, Northeast,
South, and West. The models that were evaluated include Autoregressive Integrated Moving
Average (ARIMA), Generalized Linear Model (GLM), Generalized Additive Model (GAM),
Prophet, as well as top-ranked and weighted ensemble models. Performance metrics of these
models were measured using the Mean Absolute Error (MAE), Mean Squared Error (MSE),
95% Prediction Interval (PI) coverage, and the Weighted Interval Score (WIS). Among all the
models tested, ARIMA regularly outperformed others in both accuracy and reliability, while the
weighted ensemble models performed nearly as well. On the contrary, the models that showed
higher error rates and less accurate prediction intervals are the GLM and Prophet models.
These results show how important reliable forecasting tools are for guiding public health initia-

tives and improving epidemic prevention.

INDEX WORDS: Influenza Forecasting, n-sub-epidemic Model, Time Series, Forecast
Accuracy.



1 Introduction

Influenza is a respiratory infection caused by various strains of the influenza virus, with out-
comes that can range from mild illness to severe complications requiring hospitalization or
resulting in death [[1]. According to the Centers for Disease Control and Prevention (CDC),
an average of 8% of Americans contracts influenza every season [2]. However, during the
COVID-19 epidemic, this usual trend was significantly changed. Public health measures like
mask-wearing, social distancing, lockdowns, and decreased foreign travel were widely used
during the 2020-2021 flu season, which caused influenza activity to fall to historically low lev-
els [3]. Influenza remains a significant public health challenge in the United States, with its
seasonal and regional variability necessitating robust forecasting systems. Accurate predictions
of influenza trends are critical for enabling timely healthcare interventions, optimizing medical
resources, and reducing the disease’s societal impact [4,5]]. Reliable forecasts empower public
health officials to respond proactively, minimizing morbidity and mortality associated with in-
fluenza outbreaks. To encourage researchers to predict regional and national influenza activity,
the CDC has been holding the "Predict the Influenza Season Challenge” (also known as the
CDC FluSight challenge) since 2013. [6]].

This study utilizes data collected through reported influenza cases and wastewater surveil-
lance to evaluate predictive models’ performance in forecasting influenza dynamics across the
U.S. The dataset, spanning 26 weeks (May 4, 2024, to October 26, 2024), includes decimal-
normalized case counts organized by five regions: National, Midwest, Northeast, South, and
West. Wastewater surveillance provides an innovative early-warning tool, detecting viral ac-
tivity within communities even before symptomatic cases are reported [S]. The viral activity

levels from wastewater data are categorized based on infection risk, which offers a detailed



understanding of community transmission dynamics. These levels of viral activity are divided

into the following groups:

e Minimal: Upto 1.6

* Low: Greater than 1.6 and up to 4.5

Moderate: Greater than 4.5 and up to 12.2

* High: Greater than 12.2 and up to 20.1

* Very High: Greater than 20.1

These levels help assess the risk of infection in an area.

To evaluate forecasting accuracy, two complementary frameworks were employed: the n-sub
epidemic model and the STAT MOD PREDICT toolbox. These frameworks assessed a range
of models, including ARIMA (AutoRegressive Integrated Moving Average), GLM (General-
ized Linear Models), GAM (Generalized Additive Models), Prophet, and various ranked and
weighted ensemble approaches [7,|8]. Each model was analyzed for its ability to predict in-

fluenza case trajectories and infection risks accurately.

1.1 Literature Review

Influenza forecasting is critical for managing public health responses and minimizing the dis-
ease’s impact. In the case of newly emerging infectious diseases that spread rapidly through the
population, producing short-term projections of outbreak trajectories across various geographic
regions becomes especially important. These Forecast play a key role in informing timely pub-
lic health policies and guiding targeted interventions strategies [9)]. Various statistical models,

such as ARIMA, GLM, and GAM, have been widely employed for predicting influenza trends.



ARIMA models are particularly effective for short-term forecasts due to their ability to capture
temporal patterns. GLM and GAM models enhance flexibility by accommodating non-linear
trends and additional covariates, such as vaccination rates and environmental factors [7]].
Ensemble modeling approaches, such as Chowell’s n-subepidemic framework, further improve
forecasting accuracy by combining predictions from multiple models [8]]. These methods are
particularly effective in addressing the variability in regional epidemic patterns. For exam-
ple, the SubEpiPredict toolbox has been specifically designed for this framework, allowing for
the fitting and forecasting of epidemic growth trajectories using an ensemble of sub-epidemic
models [12]].

Frameworks like the STAT MOD PREDICT toolbox [7] systematically evaluate the perfor-
mance of multiple models, enabling the selection of the most accurate and reliable forecasting
tools. Additionally, the QuantDiffForecast toolbox [[10] has been used for parameter estimation
and forecasting based on systems of ordinary differential equations, offering quantified uncer-
tainty in its predictions. The GrowthPredict toolbox also provides robust tools for forecasting
growth trajectories in epidemics using phenomenological models, contributing significantly to

forecasting capabilities [[11].

1.2 Research Questions

To investigate the effectiveness and reliability of various forecasting models, the study addresses

the following research questions:

* What are the most accurate and reliable predictive models for forecasting influenza dy-

namics across different regions in the United States?

* How can predictive models support timely public health interventions and resource allo-

cation to mitigate the impact of influenza outbreaks?



2 Methodology

This study employs a systematic approach to forecast influenza dynamics in the United States,
leveraging historical data and advanced modeling techniques. The methodology is structured

as follows:

2.1 Data Source

Historical influenza case data were derived from wastewater surveillance datasets provided by
CDC [5]. The dataset includes region-specific, decimal-normalized case counts spanning 26
weeks, from May 4, 2024, to October 26, 2024. The regions analyzed include National, Mid-
west, Northeast, South, East, and West, representing collections of states with varying demo-

graphic and environmental characteristics influencing influenza trends.

2.2 Modeling Influenza OQutbreaks

The influenza data were modeled using two primary approaches: The StatModPredict
toolbox, which offers a suite of statistical techniques for predicting time-series data [[7], and the
n-sub epidemic model, which is specifically designed to capture the temporal progression of
influenza outbreaks across multiple subpopulations [8]. These models were applied to the CDC
influenza data to generate forecasts of case counts and assess their performance in capturing

outbreak dynamics. Detailed analysis of each approach is given next.

2.3 The StatModPredict toolbox

The StatModPredict toolbox includes four built-in models that is used for epidemic mod-

eling and time series analysis. These models are GLM, GAM, ARIMA, and Facebook’s prophet



model. Detailed analysis of each model is given next.

2.3.1 GLM Model

The Generalized-Logistic Growth Model (GLM) is a mathematical tool used to predict the
progression of an epidemic by calculating the cumulative number of cases over time. The
model is defined by differential equation [11]], given below:

40 _ oy = rere) (1 - %) ,

where ¢(t) is the total number of cases at time ¢ and ¢/(¢) is the rate of change that corresponds
to new cases reported. The parameter r is the growth rate of the epidemic, while k( represent the
final epidemic size (that is, the maximum number of cumulative cases the outbreak is expected
to reach). p € [0, 1] is the scaling parameter that controls the early dynamics of the outbreak. A
value of p = 0 implies that the number of new cases remains constant, while a value of p = 1
indicates that the outbreak begins with exponential growth. Lastly, for 0 < p < 1, the model

captures sub-exponential growth behavior.

2.3.2 GAM Model

The The Generalized Additive Model (GAM) is an extension of the Generalized Linear Model [|13]],
that uses smooth functions to explain nonlinear relationships between predictors and a response

variable. The model [[15]] is defined as:

ye = Bo+ s(t) + e, & ~N(0,0%),



where y, is the response variable at time ¢, 3 is the intercept term, &, is the error term that is
assumed to be normally distributed with mean of 0, and variance o2
s(t) is an unknown smooth function of time, that captures nonlinear patterns in the data over

time. It allows the model to adjusts itself to fit the shape of the data instead of assuming a linear

relationship. It is express as a linear combination of basis function (splines), given below:

s(t) =Y Bubi(t)
k=1

Here, by (t) are the basis functions, [ are the coefficients associated with each basis function,

and K is the number of basis functions that controls the flexibility of s(t).

2.3.3 ARIMA Model

The Auto-Regressive Integrated Moving Average (ARIMA) model is a widely used statistical
approach for modeling and forecasting time series data [14] [16].. The model consists of three
parts which are : Auto-regression (AR), Integration (I), and Moving Average (MA).

The (AR) part models the relationship between an observation and its past value. The (MA) part
models the error of the series as a linear combination of past forecast errors. The (I) component
refers to differencing the data to remove trends and achieve stationarity, which ensures constant

mean and variance over time. The general mathematical form of an ARIMA model is given by:

#(B)(1 — B)y, = ¢+ 0(B)e,

Here, y; represent the value of the series at time ¢, and &; is the error. (1 — B)? means conducting
the differencing d times. B is the backhsif operator, where By, = y,_1, B%y, = 3;_2, and so

on [[17]].



The function ¢(B) defines the (AR) part of the model and is given as

¢(B)=1-¢1B—--— B,

where p is the order of the autoregressive component.

The (MA) part of the model is also given as

0(B)=1—6,B— - —0,B",

where ¢ is the order of the moving average component, and d represents the degree of differ-

encing, which helps to stabilize the mean of the time series.

2.3.4 Facebook’s Prophet Model

The Prophet model [18] is a forecasting algorithm that was developed by Facebook. It was
originally designed for business applications but now widely used in epidemiological modeling,
including forecasting for COVID-19 [19]]. The model breaks down a time series into multiple
multiple additive components: a trend component, a seasonality component, a holiday or event

component, and an error term. The model is given below:

y(t) = g(t) + s(t) + h(t) + €,

where y(t) is the observed time series value at time ¢, ¢g(t) is the non-periodic trend, s(t) cap-
tures the seasonal effects like weekly or yearly cycles, h(t) accounts for the holiday, and ¢,
is the error term, assumed to be normally distributed. The default settings of the prophet

function from the R prophet was applied, following the approach by Taylor [20].



2.4 The n-sub Epidemic Model

The n—-sub epidemic model is a compartmental modeling technique that combines several
overlapping sub-epidemics that represent the overall epidemic trajectory. Each sub-epidemic
i1s modeled using a modified logistic growth formulation. The method allows for flexibility in
modeling epidemic curves that may not follow a single peak structure due to multiple waves.
The model [[11]] is given as:

dC;(t)
dt

= Ci(t) = Ai(t) i C7' (1) (1 - (;(E)t)) ’

where, C;(t) is the cumulative number of cases for the i—th sub-epidemic at time ¢, and C/(t)
is the rate of change(thus, the number of new cases per unit time). r; denotes the growth rate
parameter for the ¢-th sub epidemic, p; is the scaling parameter that controls the shape of the
early epidemic growth. K, is the final epidemic size for the i-th sub-epidemic.

A;(t) is the activation function of each sub-epidemic, given as

1, 1fCZ,1(t) > Cir fOf’iIQ,...,TL
Ai(t) =

0, otherwise

This function controls whether the i-th sub-epidemic becomes active based on whether the
cumulative count of the previous sub-epidemic exceeds a predefined threshold Cly,..

The total number of parameters in an n-sub epidemic is 3n + 1, which account for the growth
rate, scaling parameter, and the final size for each of the n—sub epidemic.

The cumulative counts for each sub-epidemic are added up to determine the total cumulative



case count for the epidemic:

n

Carlt) = Cilt)

i=1
This formulation enables the model to simulate complex epidemic behaviors by layering simple

epidemic curves.

2.4.1 Top-Ranked Model Selection

The corrected Akaike Information Criterion (AICc) is used to evaluate and compare various
sub-epidemic models. This criterion helps identify the best-fitting model parameter by using a
nonlinear least-square optimization method to fit the model solution to the observed data . The

AlCc is giuven as:
2m(m + 1)

AIC. = nglog(SSE) + 2m + ,
ng—m—1

. 2
where SSE = Z?’i 1 < f(t;,0) — yj> is the sum of square errors, m is the number of model
parameters, and 74 is the number of data points used during the model fitting. The model with
the lowest AICc value is considered to be the best-fitting model, which balance the goodness of

fit and model complexity.

2.4.2 Quantifying Uncertainty with Parametric Bootstrapping

To assess uncertainty in parametric estimates and forecast, the model uses a parametric boot-
strap approach [11]. This method involves resampling the model residuals and refitting the
model repeatedly. For this work, a 300 bootstrap realization was used. The process allows for
the construction of prediction intervals (PIs) and estimation of forecast uncertainty without re-
quiring analytical solutions. The same method was used to generate a short-term forecast with

quantified uncertainty.



2.4.3 Ensemble Model

The study combines the forecast of the top-ranked sup-epidemic models to create ensemble
models. The ensemble forecast were generated using the two highest performing individual
models, which improves the prediction robustness. The ensemble approach helps to reduce the

variance of forecast and improve the reliability of prediction intervals [|12].

2.5 Performance Metrics Evaluation

The performance metrics to assess the accuracy and model calibration was evaluated using four
metrics: Mean Absolute Error (MAE), Mean Square Error (MAE), 95% Prediction Interval (PI)

coverage, and the Weighted Interval Score (WIS).

MAE measures the average magnitude of absolute differences between predicted and observed

values, given as

N
MAE = — Z‘ Fltn, ©) =y, |
h=1

where N is the total number of time point used during the forecast evaluation, f(t, @) is the
predicted value at time ¢ based on the estimated model parameter O, and Yy, 1s the actual ob-

served value at that time.

MSE measures the average of squared difference between the predicted and observed values:

2
( tha th)

95% PI coverage measures the reliability of the model’s forecast uncertainty. It evaluate the

MAE =

Mz

h:

proportion of observed data points that fall with the 95% prediction interval generated by the



model. The model is given as:

N
1
95% PI coverage = v Z H{L, <Y, < U},

t=1

where Y; is the observed value at time ¢, L; and U; represent the the lower and upper bounds
of the of the 95% prediction interval respectively. The indicator function 1{.} returns 1 if the

observed value lies within the interval and O otherwise.

WIS provides a comprehensive evaluation of forecast quality by integrating multiple aspects of
prediction uncertainty and accuracy. It combine several interval scores, each corresponding to
different prediction intervals, and incorporate the absolute error of the predictive median. WIS

is given as:

K
1 1 -
WISO(OK(F,Z/) = K——|—]_ (5 |y—y|—|— E 'lUk~ISak<F7 y)) ;
k=1

where K is the number of central prediction intervals used, y is the predictive median, wy = 0.5
is the weight assigned to the absolute error of the predictive median, wy, = ay./2 is the weight
for each interval score, and IS,, (F, y) is the interval score at level oy, that accounts for both
the width of the interval and whether the observed value falls inside it.

For a central (1 — )% prediction interval, the interval score is defined as:
2 2
ISa(Fry) = (u =+ —(I-y) Wy <)+ —(y—u) 1y > v)

Here, « is the significance level, [ and u are the lower and upper bounds of the (1 — a)%
prediction interval, and 1(-) is the indicator function, which equal to 1 if the condition is true,

and 0 otherwise.



3 Forecasting Results

We generated a 5-week forecast for the weekly influenza cases in the USA from September
28, 2024, to October 26, 2024. The performance of the top-ranking models, ensemble models,
ARIMA, GLM, GAM, and Prophet models were evaluated individually to assess their forecast-
ing accuracy, reliability, and overall effectiveness.

Note that the tables in this section provide a brief overview of the model performance, with a
more comprehensive analysis discussed in the discussion section.

The colors indicated in the tables represent the performance of models based on key metrics:
* Blue: Indicates the best-performing model with the highest accuracy and reliability.

. Represents models that are close contenders, performing well but slightly below

the best model.

* Red: Highlights the worst-performing models, characterized by high errors or low relia-

bility.

The results are given below:



3.1 Results for National

1st Ranked Model 2nd Ranked Model

influenza cases
o
[+
-]
o
[ +]
o
<]
o
I
influenza cases

07-20
08-03
09-28
10-12
10-26 ——
09-28
10-12
10-26

08-17
08-31
09-14

~ — <
-~ ™ -
«©Q @© 1=
o o o

3rd Ranked Model

T
1
|
1
é

influenza cases
influenza cases

©
N
e
3

08-17
08-311
09-14
10-12r
10-26

Figure 1: 5-week forecast sub-epidemic profiles derived from the top-ranking sub-epidemic
models of the National weekly influenza cases. The blue and red curves represent different
sub-epidemic waves generated with 300 bootstrap realizations, while the gray curves show the
overall epidemic trajectory. The vertical line marks the start of the forecast, separating the
calibration and forecast periods.
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Figure 2: Shows 5-week forecasts from the top-ranking sub-epidemic models of the National
weekly influenza cases. The 95% prediction interval is represented by a shaded area around the
solid line, with a vertical line marking the start of the forecast to separate the calibration and
forecast periods. Circles indicate the observed data points.
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Figure 3: Performance metrics for 5-week forecasts based on the top-ranking sub-epidemic
models for the National weekly influenza cases.
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Figure 6: Shows 5-week forecasts from the ARIMA,GLM,GAM AND THE PROPHET mod-
els of the National weekly influenza cases. The 95% prediction interval is represented by a
shaded area around the solid line, with a vertical line marking the start of the forecast to sepa-
rate the calibration and forecast periods. The circles indicate the observed data points.
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National
Model | MAE | MSE | 95% PI | wis
1" ranked model 0.19 0.04 40 0.15
2" ranked model 0.22 0.05 40 0.15
4™ ranked model 0.26 0.07 60 0.14
Weighted ensemble (2) model 0.19 0.04 40 0.15
Weighted ensemble (3) model 0.19 0.04 40 0.15
Weighted ensemble (4) model 0.19 0.04 40 0.15
ARIMA Model 0.10 0.01 80 0.06
GAM 0.18 0.03 60 0.12
GLM 0.14 0.02 40 0.12
Prophet 0.14 0.02 20 0.12

Table 1: 5-weeks forecasting performance metrics for National.

The figures in Table 1 compare the performance metrics of various models for forecasting
weekly influenza cases. The MAE is lowest for the ARIMA model (0.10), indicating the best
accuracy, followed closely by the 3rd ranked model (0.11). Similarly, the ARIMA model also
achieves the lowest MSE (0.01), reflecting superior precision. While the 3rd ranked model
achieves 100% coverage of the 95% prediction interval, the ARIMA model shows a narrower
but reliable 80% coverage. Lastly, the WIS score highlights the ARIMA model’s superior
calibration (0.06), slightly outperforming the 3rd ranked model (0.07).



3.2 Results for Midwest
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Figure 7: 5-week forecast sub-epidemic profiles derived from the top-ranking sub-epidemic
models of the Midwest weekly influenza cases. The blue and red curves represent different
sub-epidemic waves generated with 300 bootstrap realizations, while the gray curves show the
overall epidemic trajectory. The vertical line marks the start of the forecast, separating the
calibration and forecast periods.
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Figure 8: Shows 5-week forecasts from the top-ranking sub-epidemic models of the Midwest
weekly influenza cases. The 95% prediction interval is represented by a shaded area around the
solid line, with a vertical line marking the start of the forecast to separate the calibration and
forecast periods. Circles indicate the observed data points.
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Figure 9: Performance metrics for 5-week forecasts based on the top-ranking sub-epidemic
models for the Midwest weekly influenza cases.
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Figure 10: Displays 5-week sub-epidemic ensemble model forecasts for the Midwest weekly
influenza cases. The vertical line marks the start time of the forecast. The circles represent
the data points, with model fits shown as solid lines and 95% prediction intervals indicated by
shaded areas.
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Figure 11: Performance metrics for 5-week forecasts based on the ensemble sub-epidemic
models for the Midwest weekly influenza cases.
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Figure 12: Shows 5-week forecasts from the ARIMA,GLM,GAM AND THE PROPHET mod-
els of the Midwest weekly influenza cases. The 95% prediction interval is represented by a
shaded area around the solid line, with a vertical line marking the start of the forecast to sepa-
rate the calibration and forecast periods. The circles indicate the observed data points.

Midwest
Model MAE MSE 95% PI WIS
1% ranked model 0.29 0.09 40 0.22
2™ ranked model 0.22 0.06 100 0.12
3" ranked model 0.24 0.06 100 0.14
4™ ranked model 0.28 0.09 100 0.17
Weighted ensemble (2) model 0.27 0.08 80 0.16
Weighted ensemble (3) model 0.28 0.09 100 0.16
Weighted ensemble (4) model 0.26 0.07 100 0.16
|ARIMAModel 014 003 100 011 |
GAM 0.31 0.10 0 0.23
GLM 0.31 0.10 0 0.23
Prophet 0.31 0.10 0 0.23

Table 2: 5-weeks forecasting performance metrics for Midwest

The figures in Table 2 compare the performance metrics of various models for forecasting



weekly influenza cases in the Midwest. The ARIMA model achieves the best accuracy with the
lowest MAE (0.14) and MSE (0.03), reflecting superior precision. Both the ARIMA model and
the 2nd ranked model achieve 100% coverage of the 95% prediction interval, demonstrating
strong reliability, while other models show lower or no coverage. Finally, the ARIMA model
has the lowest WIS (0.11), indicating superior calibration, closely followed by the 2nd ranked
model (0.12).

3.3 Results for Northeast
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Figure 13: 5-week forecast sub-epidemic profiles derived from the top-ranking sub-epidemic
models of the Northeast weekly influenza cases. The blue and red curves represent different
sub-epidemic waves generated with 300 bootstrap realizations, while the gray curves show the
overall epidemic trajectory. The vertical line marks the start of the forecast, separating the
calibration and forecast periods.
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Figure 14: Shows 5-week forecasts from the top-ranking sub-epidemic models of the Northeast
weekly influenza cases. The 95% prediction interval is represented by a shaded area around the
solid line, with a vertical line marking the start of the forecast to separate the calibration and
forecast periods. Circles indicate the observed data points.
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Figure 15: Performance metrics for 5-week forecasts based on the top-ranking sub-epidemic
models for the Northeast weekly influenza cases.
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Figure 16: Displays 5-week sub-epidemic ensemble model forecasts for the Northeast weekly
influenza cases. The vertical line marks the start time of the forecast. The circles represent
the data points, with model fits shown as solid lines and 95% prediction intervals indicated by
shaded areas.
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Figure 17: Performance metrics for 5-week forecasts based on the ensemble sub-epidemic
models for the Northeast weekly influenza cases.



ARIMA [ GAM [ GLM | Prophet

Count

2024-07-20

2024-08-03 1
2024-08-17 1
2024-08-31 1
2024-09-14 1
2024-09-28 A
2024-10-12
2024-10-26 1
2024-07-20 1
2024-08-03 1
2024-08-17 1
2024-08-31 1
2024-09-14 1
2024-09-28 1
2024-10-12

2024-10-26 1

2024-08-17 1
2024-09-28 A

2024-10-121
2024-07-201
2024-08-03 1

2024-08-17 1
2024-09-28

2024-10-121
2024-07-20 1
2024-08-03 1

2024-08-311
2024-09-141
2024-10-261
2024-08-311
2024-09-14
2024-10-26 1

Figure 18: Shows 5-week forecasts from the ARIMA,GLM,GAM AND THE PROPHET mod-
els of the Northeast weekly influenza cases. The 95% prediction interval is represented by a
shaded area around the solid line, with a vertical line marking the start of the forecast to sepa-
rate the calibration and forecast periods. The circles indicate the observed data points.

Northeast
Model MAE MSE 95% PI WIS
1= ranked model 0.09 0.01 100 0.05
2™ ranked model 0.16 0.03 100 0.07
3" ranked model 0.11 0.02 100 0.07
4™ ranked model 0.06 0.01 100 0.06
Weighted ensemble (2) model 0.09 0.01 100 0.05
Weighted ensemble (3) model 0.09 0.01 100 0.05
Weighted ensemble (4) model 0.09 0.01 100 0.05
|ARIMAModel 008 001 100 005 |
GAM 0.20 0.06 100 0.11
GLM 0.04 0 80 0.03
Prophet 0.04 0 100 0.03

Table 3: 5-weeks forecasting performance metrics for Northeast

The figures in Table 3 compare the performance metrics of various models for forecasting



weekly influenza cases in the Northeast. The ARIMA model demonstrates the best overall
performance with the lowest MAE (0.08) and MSE (0.01), reflecting exceptional accuracy and
precision. It achieves 100% coverage of the 95% prediction interval, matching the reliability of
other top-performing models like the 1st ranked model and weighted ensemble models. Addi-
tionally, the ARIMA model achieves one of the lowest WIS scores (0.05), indicating excellent

calibration, comparable to the 1st ranked model and the weighted ensembles.

3.4 Results for South
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Figure 19: 5-week forecast sub-epidemic profiles derived from the top-ranking sub-epidemic
models of the South weekly influenza cases. The blue and red curves represent different sub-
epidemic waves generated with 300 bootstrap realizations, while the gray curves show the over-
all epidemic trajectory. The vertical line marks the start of the forecast, separating the calibra-
tion and forecast periods.
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Figure 20: Shows 5-week forecasts from the top-ranking sub-epidemic models of the South
weekly influenza cases. The 95% prediction interval is represented by a shaded area around the
solid line, with a vertical line marking the start of the forecast to separate the calibration and
forecast periods. Circles indicate the observed data points.
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Figure 21: Performance metrics for 5-week forecasts based on the top-ranking sub-epidemic
models for the South weekly influenza cases.
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Figure 22: Displays 5-week sub-epidemic ensemble model forecasts for the South weekly
influenza cases. The vertical line marks the start time of the forecast. The circles represent
the data points, with model fits shown as solid lines and 95% prediction intervals indicated by
shaded areas.
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Figure 23: Performance metrics for 5-week forecasts based on the ensemble sub-epidemic
models for the South weekly influenza cases.
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Figure 24: Shows 5-week forecasts from the ARIMA,GLM,GAM AND THE PROPHET mod-
els of the South weekly influenza cases. The 95% prediction interval is represented by a shaded
area around the solid line, with a vertical line marking the start of the forecast to separate the
calibration and forecast periods. The circles indicate the observed data points.

South
Model MAE MSE 95% PI WIS
1% ranked model 0.08 0.01 100 0.05
2™ ranked model 0.09 0.01 100 0.07
3" ranked model 0.08 0.01 100 0.06
4" ranked model 0.08 0.01 100 0.06
Weighted ensemble (2) model 0.08 0.01 100 0.05
Weighted ensemble (3) model 0.08 0.01 100 0.05
Weighted ensemble (4) model 0.08 0.01 100 0.05
|ARMAModel 009 001 100 005 |
GAM 0.18 0.01 100 0.05
GLM 0.12 0.01 100 0.05
Prophet 0.12 0.01 80 0.06

Table 4: 5-weeks forecasting performance metrics for South

The figures in Table 4 compare the performance metrics of various models for forecasting

weekly influenza cases in the South. The 1st ranked model and the weighted ensemble models



exhibit the best overall performance with the lowest MAE (0.08), MSE (0.01), and WIS (0.05),
reflecting exceptional accuracy, precision, and calibration. These models also achieve 100%
coverage of the 95% prediction interval, demonstrating strong reliability. The ARIMA model
closely follows, with a slightly higher MAE (0.09) but identical MSE, 95% PI coverage, and

WIS, maintaining competitive performance.

3.5 Results for West
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Figure 25: 5-week forecast sub-epidemic profiles derived from the top-ranking sub-epidemic
models of the West weekly influenza cases. The blue and red curves represent different sub-
epidemic waves generated with 300 bootstrap realizations, while the gray curves show the over-
all epidemic trajectory. The vertical line marks the start of the forecast, separating the calibra-
tion and forecast periods.
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Figure 26: Shows 5-week forecasts from the top-ranking sub-epidemic models of the West
weekly influenza cases. The 95% prediction interval is represented by a shaded area around the
solid line, with a vertical line marking the start of the forecast to separate the calibration and
forecast periods. Circles indicate the observed data points.
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Figure 27: Performance metrics for 5-week forecasts based on the top-ranking sub-epidemic
models for the West weekly influenza cases.
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Figure 28: Displays 5-week sub-epidemic ensemble model forecasts for the West weekly in-
fluenza cases. The vertical line marks the start time of the forecast. The circles represent the
data points, with model fits shown as solid lines and 95% prediction intervals indicated by
shaded areas.
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Figure 29: Performance metrics for 5-week forecasts based on the ensemble sub-epidemic
models for the West weekly influenza cases.
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Figure 30: Shows 5-week forecasts from the ARIMA,GLM,GAM AND THE PROPHET mod-
els of the West weekly influenza cases. The 95% prediction interval is represented by a shaded
area around the solid line, with a vertical line marking the start of the forecast to separate the
calibration and forecast periods. The circles indicate the observed data points.

West
Model MAE MSE 95% PI WIS
1% ranked model 0.11 0.02 100 0.07
2" ranked model 0.12 0.02 100 0.07
3" ranked model 0.38 0.17 100 0.19
4" ranked model 0.21 0.06 100 0.12
Weighted ensemble (2) model 0.11 0.02 100 0.07
Weighted ensemble (3) model 0.11 0.02 100 0.07
Weighted ensemble (4) model 0.1 0.02 100 0.07
|ARIMAModel 010 002 100 007 |
GAM 0.18 0.05 100 0.11
GLM 0.12 0.02 80 0.08
Prophet 0.12 0.02 80 0.08

Table 5: 5-weeks forecasting performance metrics for West

The figures in Table S compare the performance metrics of various models for forecasting



weekly influenza cases in the West. The ARIMA model demonstrates the best overall perfor-
mance with the lowest MAE (0.10) and competitive MSE (0.02), along with 10% coverage of
the 95% prediction interval, indicating strong accuracy and reliability. The 1st ranked model
and weighted ensemble models also show strong performance, with identical MAE (0.11), MSE
(0.02), and WIS (0.07), and full prediction interval coverage. Other models, such as GAM,
GLM, and Prophet, perform slightly worse, with higher error metrics and less reliable predic-

tion intervals.



4 Discussion

This section presents a comprehensive comparison of the model performance metrics, summa-
rizing the evaluation of each model’s forecasting accuracy and reliability based on the results

presented in Table 6 below.

Model Midwest National

MAE | MSE | 95% WIS | MAE | MSE | 95% WIS

Pl Pl

1% ranked model 0.29 ] 0.09 | 40 0.22 | 0.19 | 0.04 | 40 0.15
2" ranked model 0.22 [0.06 | 100 |o0.12 |EECHCIERIEN
3" ranked model 0.24 ] 0.06 | 100 0.14 | 0.11 | 0.02 | 100 0.07
4" ranked model 0.28 | 0.09 | 100 0.17 | 0.26 | 0.07 | 60 0.14
Weighted ensemble (2) model | 0.27 | 0.08 | 80 0.16 | 0.19 | 0.04 | 40 0.15
Weighted ensemble (3) model | 0.28 | 0.09 | 100 0.16 | 0.19 | 0.04 | 40 0.15
Weighted ensemble (4) model

Model Northeast South
MAE | MSE | 95% WIS | MAE | MSE | 95% WIS
Pl Pl
1% ranked model 0.09 | 0.01 | 100 0.05 | 0.08 | 0.01 | 100 0.05
2™ ranked model 0.16 | 0.03 | 100 0.07 | 0.09 | 0.01 | 100 0.07
3" ranked model 0.11| 0.02 | 100 0.07 | 0.08 | 0.01 | 100 0.06
4" ranked model 0.06 | 0.01 | 100 0.06 | 0.08 | 0.01 | 100 0.06

Weighted ensemble (2) model | 0.09 | 0.01 | 100 0.05 | 0.08 | 0.01 | 100 0.05
Weighted ensemble (3) model | 0.09 | 0.01 | 100 0.05 | 0.08 | 0.01 | 100 0.05
Weighted ensemble (4) model | 0.09 | 0.01 | 100 0.05 | 0.08 | 0.01 | 100 0.05

GLM 0.04 | 0 80 0.03 [ 0.12 [ 0.01 | 100 0.05
Prophet 0.04 | 0 100 0.03 [ 0.12 [ 0.01 | 80 0.06
Model West
MAE | MSE 95% Pl | WIS
1% ranked model 0.11 | 0.02 100 0.07
2" ranked model 0.12 | 0.02 100 0.07
4" ranked model 0.21 | 0.06 100 0.12
Weighted ensemble (2) model | 0.11 | 0.02 100 0.07
Weighted ensemble (3) model | 0.11 | 0.02 100 0.07
Weighted ensemble (4) model | 0.11 | 0.02 100 0.07
GAM 0.18 | 0.05 100 0.1
GLM 0.12 | 0.02 80 0.08
Prophet 0.12 | 0.02 80 0.08

Table 6: Comparison of Calibration Performance based on MAE, MSE, 95% PI, and WIS



4.1 Model Performance Discussion

Best Model Across Regions: The ARIMA model consistently emerges as the best performer

across all regions:

* Midwest: It achieves the lowest MAE (0.14), MSE (0.03), and WIS (0.11) while provid-
ing 100% coverage of the 95% prediction interval, indicating excellent accuracy, reliabil-

ity, and calibration.

* National: ARIMA excels with the lowest MAE (0.10), MSE (0.01), and WIS (0.06) and
maintains 80% prediction interval coverage, slightly less than some other models but still

effective.

* Northeast: ARIMA ties with several weighted ensemble models and the 1st ranked
model in achieving the lowest WIS (0.05), 100% 95% PI coverage, and a competitive

MAE (0.08), showcasing consistent reliability and precision.

* South: Though the ARIMA model’s MAE (0.09) is slightly higher than the 1st ranked
model (0.08), its MSE (0.01), WIS (0.05), and 100% prediction interval coverage keep it

on par with top performers.

* West: ARIMA is the standout performer with the lowest MAE (0.10), excellent MSE
(0.02), and WIS (0.07), tied with the Ist ranked model and weighted ensembles. Its

100% coverage of the 95% PI confirms its reliability.

Close Contenders:

* Weighted Ensemble Models (2, 3, 4): These models consistently perform close to

ARIMA in most regions, particularly in terms of MSE and WIS.



— In the Northeast and South, their MAE (0.08-0.09), MSE (0.01), and WIS (0.05)

match the ARIMA model, showcasing their robustness.

— In the West, they share the same strong performance metrics as ARIMA (MAE

0.11, MSE 0.02, WIS 0.07, and 100% PI coverage).

* 1st Ranked Model: Performs well in specific regions:

— In the South, it matches or outperforms ARIMA with the lowest MAE (0.08), MSE

(0.01), and WIS (0.05), along with 100% PI coverage.

— In the Northeast, its performance is comparable to ARIMA with similar metrics

(MAE 0.09, MSE 0.01, WIS 0.05, and 100% PI coverage).

— However, it underperforms slightly in the Midwest and National settings with

higher MAE and WIS values compared to ARIMA.

* 2nd Ranked Model: It is competitive in the Midwest, achieving low MAE (0.22) and
WIS (0.12) with 100% PI coverage. In the West, it delivers solid performance but is

outperformed by ARIMA and the weighted ensembles.

Underperforming Models:

* 3rd Ranked Model: Performs poorly in most regions except the Midwest (MAE 0.24,
WIS 0.14) and National (MAE 0.11, WIS 0.07). Particularly in the West, it has the
highest MAE (0.38), MSE (0.17), and WIS (0.19), making it less effective model.

* 4th Ranked Model: Performs moderately across regions, achieving reasonable 95% PI
coverage in the Northeast (100%), but with relatively high MAE (0.28) and WIS (0.17)
in the Midwest. While it is not the worst-performing model, its higher error metrics make

it less effective compared to the top-ranked models.



* GAM, GLM, Prophet: Across all regions, these models consistently show higher MAE,

MSE, and WIS values compared to ARIMA and other top models.

— In the Midwest, GAM and GLM have a high MAE (0.31) and WIS (0.23), indicat-

ing poor accuracy and calibration.

— In the South, GLM and Prophet slightly improve (MAE 0.12), but their 95% PI

coverage is lower (80% for Prophet) or non-existent (GLM), reducing reliability.

— In the West, GAM performs poorly with a high WIS (0.11), while GLM and Prophet
offer slightly better performance but remain behind ARIMA and the weighted en-

sembles.

Hence from the above analysis, we observe the following:

* Best Model Overall: The ARIMA model consistently leads in accuracy, precision, and

reliability across regions.

* Strong Contenders: Weighted ensemble models and the 1st ranked model often rival

ARIMA, particularly in the Northeast and South.

* Weak Performers: The 3rd ranked model underperforms significantly in the West, while

GAM, GLM, and Prophet are less reliable and accurate across all regions.

4.2 Insights and Public Health Implications

The detailed analysis of the n-sub-epidemic framework and the STAT MOD PREDICT toolbox
models provides direct insights into how these tools can influence public health decisions. By

comparing model performance across metrics such as MAE, MSE, 95% prediction interval (PI)



coverage, and WIS, the analysis demonstrates the practical applications of these frameworks in
improving epidemic forecasting and guiding effective public health responses.

High-performing models, such as the ARIMA model and Weighted Ensembles, support early
detection of outbreaks, efficient resource allocation, and targeted interventions. The ability to
capture complex epidemic dynamics ensures reliable forecasts that inform public health strate-

gies, enabling authorities to respond proactively and minimize the impact of infectious diseases.

4.2.1 Limitations

* Data Quality and Availability: Influenza case data relies on reporting systems that may
have inconsistencies, delays, or under reporting, potentially affecting the accuracy of
forecasts. Similarly, wastewater data may vary in sampling frequency, data collection

methods, and regional coverage, limiting the generalizability of the findings.

* Temporal Scope: The study’s time frame (26 weeks) limits its ability to assess long-term

trends, seasonal variations, or the impact of evolving public health measures.

4.2.2 Future Work

* Extended Time Periods: Future studies should consider extended time periods to cap-
ture a broader range of influenza dynamics, including seasonal and inter-annual varia-

tions.

* Error Structures: This analysis only utilized a normal error structure. Future work will
explore alternative error structures, such as Poisson and negative binomial errors, to better

model the variability and distribution of influenza case data.



4.3 Conclusion

This study explored advanced predictive models using the n-sub epidemic model and the STAT
MOD PREDICT toolbox to improve influenza forecasting across the United States. The anal-
ysis identified the ARIMA model as the most effective, consistently achieving the lowest error
metrics and reliable prediction intervals, particularly at the national and regional levels. Mod-
els within the n-sub epidemic model framework, such as Weighted Ensembles, also performed

well, excelling in regions with complex epidemic dynamics.

The findings emphasize the importance of accurate forecasting for public health decision-
making, supporting early interventions, efficient resource allocation, and tailored regional strate-
gies. By combining robust statistical modeling with innovative surveillance techniques, this

work offers a reliable framework for mitigating influenza’s public health impact.
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