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A B S T R A C T

Influenza is one of the main causes of death, not only in the USA but worldwide. Its significant economic and
public health impacts necessitate development of accurate and efficient algorithms for forecasting of any up-
coming influenza outbreaks. Most currently available methods for influenza prediction are based on parametric
time series and regression models that impose restrictive and often unverifiable assumptions on the data. In turn,
more flexible machine learning models and, particularly, deep learning tools whose utility is proven in a wide
range of disciplines, remain largely under-explored in epidemiological forecasting. We study the seasonal in-
fluenza in Dallas County by evaluating the forecasting ability of deep learning with feedforward neural networks
as well as performance of more conventional statistical models, such as beta regression, autoregressive in-
tegrated moving average (ARIMA), least absolute shrinkage and selection operators (LASSO), and non-para-
metric multivariate adaptive regression splines (MARS) models for one week and two weeks ahead forecasting.
Furthermore, we assess forecasting utility of Google search queries and meteorological data as exogenous pre-
dictors of influenza activity. Finally, we develop a probabilistic forecasting of influenza in Dallas County by
fusing all the considered models using Bayesian model averaging.

1. Introduction

Influenza is one of the main causes of morbidity and mortality with
up to five million cases of severe illness and 650,000 deaths worldwide
each year (WHO, 2018). In the United States, the Centers for Disease
Control and Prevention (CDC) report between 12,000 (during
2011–2012) and 56,000 deaths (during 2012–2013) per influenza
season in 2010–2016 (Rolfes et al., 2016). Seasonal influenza sig-
nificantly elevates the patient volume that stresses the health care
system and contributes to emergency department (ED) crowding, which
is a major cause of delays in critical treatments and increased mortality.
An influenza pandemic presents a well recognized serious threat to the
United States health care infrastructure (CDC, 2017).

Management actions can reduce the impact of influenza con-
siderably. For example, the CDC reported about 5.1 million influenza
like illness (ILI) cases and 3000 deaths were prevented by vaccination
in the 2015–2016 influenza season (Rolfes et al., 2016). Effective
management of both seasonal and pandemic influenza requires early
detection of the outbreak through timely and accurate surveillance

linked with a rapid response to reduce crowding (Aronis et al., 2017;
Lee and Chuh, 2010; Preis and Moat, 2014; Shaman and Kohn, 2009;
Spreco et al., 2017b; Spreco and Timpka, 2016).

One of the key obstacles for developing operational and reliable
near-real time influenza forecasts is the lack of the most recent records
on influenza activity. Indeed, even the CDC data for well monitored
areas in the USA are typically two weeks behind, since time is required
to confirm ILI. Two weeks is a substantial period in terms of influenza
transmission. As a result, recently there has been a spark of interest in
using non-traditional data from various online social media, starting
with the Google Flu Trend project (discontinued in 2015; Ginsberg
et al., 2009) and followed by Twitter, Wikipedia, Yahoo, and many
other web search engines (Alessa and Faezipour, 2018; Allen et al.,
2016; McIver and Brownstein, 2014; Polgreen et al., 2008; Santillana
et al., 2015; Sharpe et al., 2016; Spreco et al., 2017a; Dugas et al.,
2013). While the epidemiological data from online social media are
subject to criticism due to sensitivity to fickle media interest and,
hence, require calibration with offline information sources, there exists
an ever growing interest in adaptive fusion of online and offline data for
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enhanced near-real time epidemiological forecasting.
Furthermore, most of current epidemiological studies are based on

conventional statistical models (see overviews by Biggerstaff et al.,
2016, 2018; Paul and Dredze, 2017, and references therein), while
utility of modern deep learning tools for infectious disease forecasting,
in particular, predicting of influenza activity, is still largely under-in-
vestigated (see Liang et al., 2018; Paul and Dredze, 2017; Xu et al.,
2017; Zhong and Bian, 2016).

Finally, a proper quantification of various sources of uncertainties is
a core requirement for operational implementation of the developed
epidemiological forecasting (see Held et al., 2017; Moran et al., 2016).
Nevertheless, assessment of uncertainty in prediction of infectious dis-
ease activity is still often overlooked and systematic statistical metho-
dology for uncertainty quantification has not yet widely penetrated
epidemiological applications.

This paper aims to fill these gaps, with the multifold goal of pro-
viding an interdisciplinary insight into the predictive utility of deep
learning, the role of online and offline data fusion, and statistical multi-
model combination as uncertainty quantification tool, in application to
forecasting influenza in Dallas County. The key contributions of the
paper are:

• We investigate utility of deep learning with feedforward neural
networks (DL with FNN) for ILI prediction, in application to fore-
casting influenza in Dallas County.

• We develop fully probabilistic forecasting of ILI, using Bayesian
model averaging (BMA). To our knowledge, we are the first to use
continuous ranked probability score (CRPS) as weights for BMA in
epidemiological applications.

• We assess the proposed statistical forecasting methodology and a
fusion of online and offline epidemiological data sources, in appli-
cation to influenza prediction in Dallas County, and to our knowl-
edge, this study is the first to assess influenza activity in Dallas
County.

The remainder of the paper is organized in four major sections: data
description, statistical methodology, case study, and discussion. In
Section 2, we provide information on the collected influenzal, online
social media, and atmospheric data. We introduce our statistical and
machine learning forecasting methodology in Section 3. Section 4 is
devoted to validation of the proposed modeling approaches to predic-
tion of seasonal influenza in Dallas County, TX, USA. Finally, the paper
is concluded with discussion and future work in Section 5.

2. Data description

2.1. Influenza data

The ILI data are provided by the Dallas County Public Health
Informatics and represent the ILI percentage among visits of the Dallas
County hospitals. ILI cases are defined according to the Texas

Department of State and Health Services by fever (⩾100 °F or 37.8 °C,
oral or equivalent), cough and/or sore throat, and without a known
cause other than influenza (Texas DSHS, 2017). The data are weekly
seasonal, from the first week of October to the last week of April, for
seasons of 2011–2012 up to 2017–2018 (Fig. 1).

The data quality was controlled by the Department of Public Health
of Dallas County as follows:

• Validation/continuity check: every 24 hours data must be received
from each hospital (to assure connections are live and operational).

• Staging checks (each message checked as received): valid patient
visit and patient ID, patient category (emergency room or inpatient),
valid chief complaint, other critical HL7 standards for proper bin-
ning visit record; invalid messages filtered. (Here HL7 refers to the
set of international standards for transfer of clinical and adminis-
trative data between software applications used by various health
care providers.)

• Hospital data quality: statistical analysis performed monthly with
minimum requirements.

• Timeliness: 90% of records received within 24 h.
• Completeness: 90% of records contain all required data elements.
• Validity: 80% of data elements received must contain valid data
(numerical, coded, free-text, etc.).

With exception of 13 hospitals out of 110, all data were received in
real time.

2.2. Google search data

We collected weekly data on normalized search frequency in Dallas
and Fort Worth area using seven terms related to influenza: cold, G1(t);
cough, G2(t); fever, G3(t); flu, G4(t); h3n2, G5(t); influenza, G6(t), and sore
throat, G7(t). The data come from the Google trends website for the
period from October 2011 to January 2018 (Fig. 2).

Each individual ith time series Gi(t) (i=1, …, 7) may be very noisy,
but combined these time series can potentially reflect the true influenza
activity. As Figs. 1 and 2 suggest, generally, the dynamics of the Google
trend search terms and of the ILI are well-aligned.

2.3. Atmospheric data

Meteorological data have been used frequently for modeling influ-
enza activity (Basile et al., 2018; Lowen and Steel, 2014; Wu et al.,
2016). We used Weather Underground (2017) to access daily data on
absolute maximum temperature, W1(t); mean temperature, W2(t); ab-
solute minimum temperature, W3(t); mean dew point, W4(t); mean re-
lative humidity, W5(t), and daily high pressure, W6(t), during October
2011–January 2018. The data were aggregated weekly and aligned
with the ILI data. To account for weather shocks, we calculated average
temperature difference, W7(t)=W2(t)−W2(t−1), and average hu-
midity difference, W8(t)=W5(t)−W5(t−1) (Fig. 3).

Fig. 1. Emergency department influenza like illness (ILI), October 2011–January 2018.
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Fig. 2. Normalized frequency of Google search queries related to influenza, October 2011–January 2018.

Fig. 3. Time series plots of the weather variables, October 2011–January 2018.
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To account for possible delayed effects, we also incorporate lagged
atmospheric and Google trend variables. Lagged variables are selected
based on cross-correlation with the ILI data and further analysis of the
predictive utility. All the resulting variables are summarized in Table 1.

3. Methodology for epidemiological forecasting

3.1. Beta regression

Since the ILI data are presented as fractional data in the interval (0,
1), we can employ the method of beta regression, similar to Guolo and
Varin (2014). The beta regression model is based on a re-para-
meterization of the beta density in terms of the mean and precision
parameters (Cribari-Neto and Zeileis, 2009; Ferrari and Cribari-Neto,
2004). The beta density is usually expressed as

f y p q p q
p q

y y y( ; , ) ( )
( ) ( )

(1 ) , 0 1,p q1 1= + < <

where p > 0, q > 0, and Γ(·) is the gamma function. By setting μ= p/
(p+ q) and ϕ = p+ q, Ferrari and Cribari-Neto (2004) proposed a
different parameterization:

f y µ
µ µ

y y( ; , ) ( )
( ) ((1 ) )

(1 ) ,µ µ1 (1 ) 1=

where 0 < μ < 1, ϕ > 0, y∼ Beta(μ, ϕ). Hence, mean and variance
are given by E(y)= μ and Var(y)= μ(1− μ)/(1+ ϕ), respectively. The
parameter ϕ is known as the precision parameter since, for fixed μ, the
larger ϕ the smaller the variance of y (ϕ−1 is a dispersion parameter).

Let y1, …, yn be a random sample of weekly ILI data such that
yi∼ Beta(μi, ϕ), i=1, …, n. The beta regression model is defined as
g µ x( )i i= , where β=(β0, …, βk)⊤ is a k×1 vector of regression
coefficients (k < n), xi=(1, …, xik)⊤ is the vector of k regressors. Here
g(·) is the link function that maps (0, 1) into . The beta regression
model was fit using R package betareg (Zeileis et al., 2018):
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where g(·) is a logit link function; yt is the ILI activity; h=1, 2 are
forecasting horizons; α0 is the intercept term; αi,l and βi,l are regression
coefficients for the weather variables Wi(t) and Google trend data Gi(t),
respectively; γl are coefficients for the autoregressive relationships be-
tween current and past ILI activity, and ϵt is the error term.

3.2. Box–Jenkins model

Here we consider a standard benchmark autoregressive integrated
moving average (ARIMA(p, 0, q)) model with exogenous regressors
(Box and Jenkins, 1968):
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where γi, i=1, …, p and θj, j=1, …, q are autoregressive and moving
average coefficients, respectively; ϵt is white noise (i.e., ϵt∼WN(0, σ2)).
The model orders p, q, H, M, R and L are selected based on the Akaike
information criterion (AIC; Bozdogan, 1987), using R package fore-
cast (Hyndman et al., 2018). In our case we find that p=4, d=0,
q=1, H=8, M=7, R=1, L=2 is a suitable choice for the model
order. Furthermore, due to unavailability of the ILI data for the most
recent 2 weeks, we set γ1= 0.

Here p is a number of autoregressive (AR) terms, q is a number of
moving average (MA) terms, and d is a number of non-seasonal dif-
ferences; H=8, M=7 are the numbers of atmospheric and Google
trend variables, respectively; R=1, L=2 represent the number of lags.

3.3. Least absolute shrinkage and selection operator

Least absolute shrinkage and selection operator (LASSO) is a pe-
nalized linear regression by Tibshirani (1996), in which the L1 penalty
is used for both fitting and penalization of the coefficients. The objec-
tive of LASSO is to prevent the model from overfitting due to either
collinearity of the regressors or high dimensionality. The coefficients of
a LASSO model were estimated using R package penalized Goeman
et al. (2018) by minimizing:
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where λ is the penalty parameter and Xp,t represents all regressors, Xp,t

= {G1(t), G1(t−1), …, G7(t), W1(t), W1(t−1), …, W8(t), yt−2, yt−3,
yt−4}, see the complete list in Table 1. LASSO has been widely used for
modeling influenza dynamics (see, for instance, Guo et al., 2017;
Hayate et al., 2016; Lu et al., 2018; Volkova et al., 2017; Xu et al.,
2017).

3.4. Deep learning – feedforward neural network

Deep learning (DL) is a machine learning tool that is based on
learning data representation and originally rooted in the methodology
of neural networks (Goodfellow et al., 2016; LeCun et al., 2015;
Schmidhuber, 2015). DL has proven to exhibit a high utility in a broad
range of applications, from computer vision and natural language
processing to analysis of complex network, bioinformatics, and finance
(Goodfellow et al., 2016; Gupta and Raza, 2018; Nielsen, 2015; Skansi,
2018; Zhao et al., 2017). Nevertheless, applications of DL for epide-
miological forecasting and, in particular, influenza studies are still
limited (see Xu et al., 2017, and reference therein).

Table 1
Summary of predictors for the ILI activity y(t).

Google variables Atmospheric variables ILI activity

G1(t) and G1(t−1) for cold
G2(t) and G2(t−1) for cough
G3(t) and G3(t−1) for fever
G4(t) and G4(t−1) for flu
G5(t) and G5(t−2) for h3n2
G6(t) and G6(t−1) for influenza
G7(t) for sore throat

W1(t) and W1(t−1) is maximum temperature
W2(t) is mean temperature
W3(t) is minimum temperature
W4(t) and W4(t−1) is mean dew point
W5(t) and W5(t−1) is mean relative humidity
W6(t) is daily high pressure
W7(t) is average temperature difference
W8(t) is average humidity difference

y(t−2) is ILI at time t−2
y(t−3) is ILI at time t−3
y(t−4) is ILI at time t−4

Total 13 variables Total 11 variables Total 3 variables
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In this project, we employ a feedforward neural network (FNN)
architecture for DL, where information moves from input nodes to
hidden layers to output nodes; there are no cycles or loops in the net-
work (Schmidhuber, 2015; Zhang and Zong, 2015). The input variables
are the Google trend data (Gi(t− l); i=1, …, 7; l=0, a, 2), the at-
mospheric data (Wi(t− l); i=1, …, 8; l=0, 1), and the offline records
of ILI in the previous weeks yt−2, yt−3, and yt−4. We trained FNNs using
R package h2o (LeDell et al., 2018) and selected the optimal FNN
structure using cross-validation. For our data, the selected number of
hidden layers was 2, with 75 hidden nodes each, and the learning rate
which yielded the best performance in terms of mean squared error was
0.005.

3.5. Multivariate adaptive regression splines

Multivariate adaptive regression splines (MARS) is a nonparametric
regression model (Friedman, 1991) that has no assumptions about the
form of relationship between the response and predictors. The model
constructs this relationship from a set of coefficients and basis functions
that are entirely determined from the data. MARS performs a forward/
backward stepwise approach to determine the knot points in a data set,
which defines each basis function using generalized cross-validation
(GCV) criterion. MARS model can be written as follows:

f x a B xˆ ( ) ( ),
m

M

m m
1

=
=

where f xˆ ( ) is the estimated function, Bm(x) is the basis function, am is
the coefficient, M is number of the basis functions, and x are the re-
gressors (i.e., the Google trend, weather variables, and the past ILI
activity).

The basis function is defined as:

B x s x t( ) [ ( )] ,m
q

k

K

v k m
q( )

1
km ( , ) km

m
=

=
+

where skm= ±1, Km is the number of factors (interaction order) in the
mth basis function, v k m( , ) label the predictor variables and tkm re-
present values on the corresponding variables, q is the order of the
spline, and “+” means positive part.

The truncated power spline of first order is

x t x t x t( ) , if ,
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To our knowledge, MARS has not been used for influenza fore-
casting yet. We used R package mda (Hastie et al., 2017).

3.6. Variable selection

We have applied all the variables (Table 1) to all the models above.
In beta regression and ARIMA, we used statistically significant variables
only, since LASSO, MARS and deep learning do the variable selection or
flexibly readjust coefficients automatically. In beta regression, the sig-
nificant variables are ILI data with lags 2 and 4 (y(t−2) and y(t−4)),
average temperature, temperature difference (W2(t),W7(t)), and Google
time series for cold, fever, flu, influenza, and lagged by one week time
series for cough and flu (G1(t), G3(t), G4(t), G6(t), G2(t−1), and
G4(t−1)). In ARIMA, the significant variables are ILI data with lags 2,
3 and 4 (y(t−2), y(t−3) and y(t−4)), average temperature, tem-
perature difference, and lagged maximum temperature (W2(t), W7(t),
and W1(t−1)), and Google series for cold, fever, flu, influenza, and
lagged series for cold (G1(t), G3(t), G4(t), G6(t), and G1(t−1)).

3.7. Bayesian model averaging

Efficient operational implementation of health risk mitigation stra-
tegies requires proper assessment of various uncertainty sources

associated with the delivered epidemiological forecasts. Nevertheless, a
critical step of uncertainty quantification is still often overlooked in
many health surveillance and forecasting studies. We propose to eval-
uate forecasting uncertainty by developing a weighted multi-model
ensemble of future epidemiological states. That is, we apply the
Bayesian model averaging (BMA), which allows us to combine multiple
epidemiological models with weights corresponding to their most re-
cent prediction performance (Hoeting et al., 1999; Raftery et al., 2005;
Raftery and Painter, 2005). To better quantify prediction uncertainty,
we propose two probabilistic forecasts based on the BMA methodology
and two types of model weights.

Our first BMA approach is to define model weights via root mean
square error (RMSE) of fitted ỹt by each model on the training set of
data yt (t=1, …, n), i.e.,

k
y y
n

RMSE( )
( ˜ )

,i
n

t t1
2

= =

where n is the size of training data set; RMSE(k) corresponds to the kth
model, namely, for beta regression k=1; for ARIMA k=2; for LASSO
k=3; for MARS k=4, and for deep learning k=5. The resulting
RMSE(k) leads to the following corresponding weight of the kth model
in BMA:

k
i

1/RMSE( )
1/RMSE( )

.
i 1
5
=

Let the predicted values from each model be Pred(k) for k=1, …, 5.
Then the BMA forecast with RMSE as weights is given by

k
i

kPred 1/RMSE( )
1/RMSE( )
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k i
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We follow a similar algorithm for BMA with continuous ranked
probability score (CRPS) weights. That is, we start from calculating
CRPS for k-th model (k=1, …, 5) based on truncated normal dis-
tribution. Then the resulting BMA forecast with CRPS as weights is
given by

k
i

kPred 1/CRPS( )
1/CRPS( )

Pred( ).
k i
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1

5

1
5=

= =

3.8. Evaluation metrics

We use three standard statistical measures of accuracy: RSME, mean
absolute percentage error (MAPE), and mean absolute error (MAE)
(Liang et al., 2018; Lu et al., 2018; Yang et al., 2017). Let ŷi be the
forecast value and yi be the corresponding real value, then
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where n is the number of out-of-sample forecasts produced by a model.
In addition, we measured the correlation between the observed and

forecasted values using Pearson correlation coefficient
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Lower RMSE, MAPE, MAE and higher Pearson correlation coeffi-
cient imply better forecasting performance.

Finally, we employ the CRPS to assess performance of probabilistic
(or weighted multi-model ensemble) forecast delivered by the BMA
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approach (Gneiting et al., 2005). CRPS can be viewed as a general-
ization of the MAE, which assesses performance of a point forecast, to
measuring the accuracy of a probabilistic forecast. CRPS is widely used
in atmospheric studies, social sciences, and finance (Alfieri et al., 2014;
Chu and Coimbra, 2017; Fan et al., 2016; Gneiting and Raftery, 2007;
Scheuerer and Hamill, 2015; Thorey et al., 2017). CRPS is defined as

F x F y H y xCRPS( , ) [ ( ) ( )] dy,2=

where H(y− x) denotes the Heaviside step function and is 0, when
x > y, and 1 otherwise, and F is the cumulative distribution function

associated with an empirical probabilistic forecast. In finite samples,
CRPS takes the form (Gneiting and Raftery, 2007):

F x E X X E X xCRPS( , ) 1
2

| | | |,F F=

where X and X′ are independent copies of an integrable random vari-
able following the distribution F. The lower the CRPS, the better the
accuracy.

4. Case study of forecasting flu activity in Dallas County, TX

We use an adaptive form of out-of-sample forecast where the model
is trained throughout the analysis, by using a 20-week sliding window
for all considered models (that is, we use only 20 most recent weeks to
train the models). The window length of 20 weeks is found to deliver
the most competitive RMSE. The out-of-sample forecast validation
started from September 2012 to January 2018.

In our analysis, we consider the following models: beta regression,
ARIMA, LASSO, DL with FNN, and MARS. In the Box–Jenkins approach,
ARIMA(4,0,1) is selected as the optimal model using auto.arima
function in R (Hyndman et al., 2018). In LASSO, the tuning parameter λ
is selected using cross-validation, that is, we choose λ that delivers a
minimum mean cross-validated error (λ=0.0620 for 1-week, and
λ=0.0823 for 2-week ahead predictions). In FNN, the number of
hidden layers are 2 with 75 hidden nodes, and the optimal DL structure
is selected using cross-validation.

4.1. Individual point forecasts

Tables 2 and 3 show that point forecasts by the deep learning model
(FNN) outperform forecasts delivered by the other models, based on the
relatively low errors (RMSE, MAE, and MAPE) and relatively high

Table 2
Performance summary for the five models for prediction ILI one week ahead.

Method RMSE MAE MAPE r y y( , ˆ)

Beta regression 8.12 4.15 0.38 0.74
ARIMA 5.40 3.57 0.40 0.74
Deep learning 4.14 2.95 0.32 0.83
LASSO 5.38 3.54 0.38 0.79
MARS 5.14 3.42 0.37 0.75

Table 3
Performance summary for the five models for prediction ILI two weeks ahead.

Method RMSE MAE MAPE r y y( , ˆ)

Beta regression 8.03 4.48 0.44 0.69
ARIMA 5.59 3.79 0.43 0.74
Deep learning 4.89 3.60 0.38 0.76
LASSO 6.17 4.29 0.48 0.73
MARS 6.05 4.03 0.44 0.72

Fig. 4. One week ahead forecasts.

Fig. 5. Two weeks ahead forecasts.
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correlation of deep learning forecasts with the actual data. The next two
best methods are MARS for 1-week ahead forecasts (Table 2) and
ARIMA for 2-week ahead forecasts (Table 3), however, the differences
between these two methods are small. Figs. 4 and 5 show point fore-
casts 1 and 2 weeks ahead by all individual methods. We observe that
deep learning appears to deliver the most competitive forecasting per-
formance than other approaches in terms of best fitting of the ILI curve.

The curve fits delivered by the deep learning procedure are shown
in Fig. 6a, while the forecasts of 1 and 2 weeks ahead are in Fig. 6b. As
expected, we observe smaller errors for the in-sample fit (Fig. 6a) than
for out-of-sample forecasts (Fig. 6b).

4.2. BMA point forecasts

We consider two types of BMA-based forecasts, that is, the weighted
multi-model ensembles, delivered by BMA using RMSE or CRPS as
weights. To calculate RMSE, MAE, MAPE and correlation coefficient of
the BMA-based probabilistic forecasts, we use the mean of the corre-
sponding weighted multi-model ensemble. Notice that BMA weights are
adaptively recalculated at each time point t. Hence, weights and the
corresponding model ranking scores vary over time. Nevertheless, we
find that on average DL tends to deliver one of the highest performance
scores that are consistent over BMA with RMSE and BMA with CRPS
and forecasting horizons. The next performance ranking scores are
followed by LASSO and MARS which weights, however, vary sub-
stantially over type of BMA and forecasting horizons.

Table 4 shows that the BMA with CRPS as weights is better in
modeling the ILI curve than BMA with RMSE as weights, through
comparing the RMSE, MAE, and MAPE for both one week and two
weeks forecast. By comparing Table 4 with Tables 2 and 3, we observe
that BMA with CRPS weights outperforms deep learning with FNN and

all other individual methods in 1-week ahead forecasts, and both BMA
methods outperform the individual methods in forecasting ILI two
weeks ahead.

4.3. Interval forecasts

Since the response variable, ILI percentage, is bounded between 0
and 100, we construct the probabilistic forecast of ILI by embedding the
point forecasts (delivered by beta regression, ARIMA, LASSO, DL with
FNN, and MARS) with a truncated normal distribution, using BMA. The
probability density function of truncated normal distribution is defined
as (Forbes et al., 2011)

( )f y µ a a( ; , , , )
( )

( ) ( )
,

y µ

a µ a µ1 2 2 1
=

where μ and σ are mean and standard deviation, respectively; a1 and a2
are the lower and upper limits which y can attain (i.e., y ∈ [a1, a2]); ϕ
(ξ)= (2π)−1/2 exp(− ξ2/2) is the probability density function of the
standard normal distribution, and y y( ) (1 erf( / 2 ))/2= + is its cu-
mulative distribution function. To construct prediction intervals of the
ILI percentage, we used a1= 0 and a2= 100.

Fig. 6. Performance of the FNN deep learning procedure based on (a) fitted ILI percentages, and (b) 1 and 2 weeks ahead forecasts of the ILI percentages.

Table 4
Predictive performance of BMA using RMSE and CRPS as weights.

Forecast horizon Weight RMSE MAE MAPE r y y( , ˆ)

One week RMSE 4.15 2.78 0.29 0.85
One week CRPS 3.73 2.59 0.27 0.84
Two weeks RMSE 4.39 3.17 0.34 0.79
Two weeks CRPS 4.33 3.11 0.32 0.78
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We evaluate the quality of interval forecasts using CRPS, which
indicates that for both 1- and 2-week ahead prediction horizons, BMA-
based weighted multi-model ensembles with CRPS as weights delivers
the most competitive performance, i.e., the lowest CRPS for 1-week
forecasts (Table 5). The next best is BMA with RMSE as weights, fol-
lowed by DL with FNN, while for 2-week we can see that BMA with
CRPS as weights is still the best followed by BMA with RMSE as weights
then DL with FNN. Figs. 7 and 8 show the BMA-CRPS based predictions
for different confidence levels, overlaid with the observed ILI percen-
tages.

5. Discussion

In this study, we evaluated the forecasting utility of deep learning
for predicting ILI in Dallas County. In addition to historical ILI records,
we have considered Google search queries and meteorological data as
exogenous predictors of influenza activity. The DL approach has been
compared to more conventional statistical methods such as beta re-
gression, autoregressive integrated moving average (ARIMA), least
absolute shrinkage and selection operators (LASSO), and a non-para-
metric multivariate adaptive regression splines (MARS) models.
Furthermore, we have developed the probabilistic forecast of ILI ac-
tivity, namely, the weighted multi-model ensembles of ILI, based on
Bayesian model averaging (BMA) with RMSE and CRPS as weights.

Our results indicate that in terms of evaluation metrics for point
forecasts (i.e., RMSE, MAE, and MAPE), DL and the BMA-based multi-
model ensemble of ILI forecasts yield a similar competitive perfor-
mance, outperforming all other considered models. In terms of assess-
ment of probabilistic forecasts, the BMA-based multi-model ensemble
with CRPS as weights provides the highest predictive accuracy, deli-
vering CRPS of about 20% lower than the next best approach BMA-
RMSE, and 29% lower than DL.

Fig. 7. One week ahead prediction intervals (PI) of BMA with CRPS weights, and observed ILI.

Fig. 8. Two weeks ahead prediction intervals (PI) of BMA with CRPS weights, and observed ILI.

Table 5
CRPS score for all models for one week and two weeks prediction.

Method CRPS score one week CRPS score two weeks

Beta regression 3.61 4.15
ARIMA 3.02 3.29
Deep learning 2.59 3.25
LASSO 3.25 3.99
MARS 2.79 3.36
BMA-RMSE 2.41 2.73
BMA-CRPS 1.89 2.23
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These findings suggest that harnessing multi-model strengths via
statistical model fusion appears a promising direction for enhancing
current epidemiological prediction. In the future, we plan to comple-
ment the proposed methodology by integrating spatial data relevant to
ILI activity and by applying tools of geometric deep learning for space-
time epidemiological forecasting, with a particular focus on non-sea-
sonal influenza and climate sensitive infectious diseases.
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