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Abstract

Over the last ten years, the US Centers for Disease Control and Prevention (CDC) has organized 

an annual influenza forecasting challenge with the motivation that accurate probabilistic forecasts 

could improve situational awareness and yield more effective public health actions. Starting with 

the 2021/22 influenza season, the forecasting targets for this challenge have been based on hospital 

admissions reported in the CDC’s National Healthcare Safety Network (NHSN) surveillance 

system. Reporting of influenza hospital admissions through NHSN began within the last few 

years, and as such only a limited amount of historical data are available for this target signal. To 

produce forecasts in the presence of limited data for the target surveillance system, we augmented 

these data with two signals that have a longer historical record: 1) ILI+, which estimates the 

proportion of outpatient doctor visits where the patient has influenza; and 2) rates of laboratory-

confirmed influenza hospitalizations at a selected set of healthcare facilities. Our model, Flusion, 

is an ensemble model that combines two machine learning models using gradient boosting for 

quantile regression based on different feature sets with a Bayesian autoregressive model. The 

gradient boosting models were trained on all three data signals, while the autoregressive model 

was trained on only data for the target surveillance signal, NHSN admissions; all three models 

were trained jointly on data for multiple locations. In each week of the influenza season, these 

models produced quantiles of a predictive distribution of influenza hospital admissions in each 

state for the current week and the following three weeks; the ensemble prediction was computed 

by averaging these quantile predictions. Flusion emerged as the top-performing model in the 

CDC’s influenza prediction challenge for the 2023/24 season. In this article we investigate the 

factors contributing to Flusion’s success, and we find that its strong performance was primarily 

driven by the use of a gradient boosting model that was trained jointly on data from multiple 

surveillance signals and multiple locations. These results indicate the value of sharing information 
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across multiple locations and surveillance signals, especially when doing so adds to the pool of 

available training data.
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1. Introduction

Since the early 2010s, short-term forecasting for infectious diseases has become an 

increasingly common activity, often through collaborations between governmental and 

industry or academic partners. Starting during the 2013/2014 influenza season, the FluSight 

collaborative forecasting exercises organized by the US Centers for Disease Control and 

Prevention (CDC) have brought together teams of academic, industry and governmental 

researchers to produce probabilistic forecasts of influenza activity in the United States 

(Biggerstaff et al., 2016). A primary motivation for the FluSight challenges is to carefully 

evaluate forecasts against real data and to use them to improve situational awareness and 

yield more effective public health actions in realms such as the distribution of limited 

medical resources or the implementation of non-pharmaceutical interventions (Wallinga et 

al., 2010; Lipsitch et al., 2011; Lutz et al., 2019).

Starting with FluSight seasons just following the COVID pandemic, new high-resolution 

and low-latency data streams that came online during the pandemic have been used as the 

‘‘ground truth’’ target for forecasting exercises. Specifically, from 2022 through 2024, the 

forecasting targets for FluSight were based on hospital admissions reported in the CDC’s 

National Healthcare Safety Network (NHSN) surveillance system (Centers for Disease 

Control and Prevention, 2023b). Because reporting of influenza hospital admissions through 

NHSN began during the COVID pandemic, the NHSN data have only a limited amount 

of historical information about influenza hospitalizations. While the NHSN data surpassed 

previous surveillance systems in terms of providing a specific measure of influenza activity 

at fine spatial and temporal scales, the lack of an extensive history of data for model 

training introduced challenges to learning about seasonal patterns in influenza burden in 

the US. To address this challenge, for the 2023/2024 FluSight season we developed a 

new model, called Flusion, which pulled in data from external data sources with a longer 

history of observations. This model was the top-performing model submitted to FluSight 

in the 2023/2024 season, and it even outperformed the ensemble forecast that the FluSight 

organizers produced by combining predictions from all contributing models; these ensemble 

forecasts have typically had some of the most accurate performance overall in past influenza 

seasons (McGowan et al., 2019; Reich et al., 2019b). The purpose of this paper is to describe 

the Flusion model and provide insights into what aspects of its design were associated with 

its strong performance.

Stimulated in large part by outbreak forecasting challenges organized by governmental 

agencies (e.g., Viboud et al., 2018; McGowan et al., 2019; Johansson et al., 2019), there has 

been substantial methodological development in the area of infectious disease forecasting 
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over the last 10 years, both for stand-alone and ensemble modeling strategies (Yamana 

et al., 2016; Reich et al., 2019b; Reis et al., 2019; Ray et al., 2023). Most successful 

stand-alone approaches can be characterized broadly as using statistical or machine learning 

methods in conjunction with conceptual models that are informed by infectious disease 

transmission dynamics, either explicitly through a compartmental transmission model or 

implicitly through inclusion of seasonality or observations from recent time-points (Reich 

et al., 2019a; Lopez et al., 2024). There has simultaneously been a large increase in 

worldwide participation in online data science competition sites like Kaggle, including 

many competitions with time series forecasting and even a series of five weeks of real time 

forecasting of COVID-19 in 2020 (Addison Howard, 2020; Hamner, 2020; Walter Reade, 

2020a,b,c). The top performers in these competitions make heavy use of advanced feature 

engineering in conjunction with gradient boosted tree methods (Friedman, 2001), using the 

popular packages XGBoost, Light-GBM, and CatBoost. For example, the majority of the 

top-performing competitors in the M5 forecast accuracy competition used gradient boosting 

(Makridakis et al., 2022).

The Flusion model fits into the machine learning model category, although it uses features 

that emphasize both seasonality as well as recent observations and recent trends as a 

way of encoding underlying transmission dynamics of influenza. In terms of underlying 

methodology, our primary focus in this work is on forecasting using gradient boosting. In 

particular, our work closely follows the approach of Lainder and Wolfinger (2022), which 

was the leading approach in several time series forecasting competitions including strong 

performance for forecasting COVID-19 (Lopez et al., 2024). Our methods adapt that work 

to forecasting seasonal influenza by including features intended to help the model identify 

seasonal trends of disease activity and by incorporating multiple data sources measuring 

influenza activity.

A key area where the Flusion model provides a methodological innovation is in how it 

leverages long historical time-series data that are closely related to the target data source 

that has little history. There is existing work that focuses on situations where auxiliary data 

signals related to a primary signal of interest are used to improve short-term predictions. 

For example, in settings where a primary signal has delayed or unreliable recent reporting, 

research has shown that other signals that are available contemporaneously or with a shorter 

lag can help inform estimation and prediction of trends (Yang et al., 2015; Farrow, 2016; 

Osthus et al., 2019; Leuba et al., 2020; McDonald et al., 2021; Jahja et al., 2022). Some 

of these modeling efforts, among others, also highlight how sharing contemporaneous 

information across different locations can be helpful (Farrow, 2016; McDonald et al., 2021; 

Osthus and Moran, 2021).

In contrast, the Flusion model, in addition to borrowing information across locations, 

augments a primary data signal with a very short history with other closely related signals 

that measure the same general system but for a longer history. This approach bears a 

close resemblance to multi-task learning and transfer learning, where models are trained 

on related tasks with a large number of available observations either simultaneously with 

training on more limited data for the primary task, or in a first stage that is followed by 

fine-tuning on data for the target task (Pan and Yang, 2009). In a forecasting context, these 
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methods have been used in domains such as energy use and climate control (Ribeiro et 

al., 2018; Grubinger et al., 2017). However, to our knowledge the literature contains only 

a few applications of this general approach to disease outbreak forecasting. We are aware 

of two studies that investigated forecasting a pathogen of interest using data from other 

pathogens to inform model estimation: Roster et al. (2022) considered using historical data 

on dengue to inform Zika predictions as well as the use of past influenza data to inform 

COVID-19 forecasts, while Coelho et al. (2020) used models trained on data measuring 

dengue incidence to generate predictions for Chikungunya and Zika. In another line of work, 

Zou et al. used multitask learning to forecast influenza-like illness by training models jointly 

on data for multiple geographic locations, and demonstrated that this was helpful in settings 

where some locations had only limited data but others had a longer history of observations 

(Zou et al., 2018). Unlike this existing literature, our work augments a signal measuring 

seasonal influenza in the US that has a limited history with other signals that measure the 

same disease system over a longer time span.

We note that contemporaneously with our development of Flusion, two other groups also 

explored methods for forecasting influenza hospitalizations as reported in NHSN using 

other data streams to extend the amount of available training data (Meyer et al., 2024; 

Benefield et al., 2024). Their approaches differed from ours in that they used these other 

data streams to impute additional historical observations of hospitalizations, rather than 

training a model directly on data from multiple surveillance signals. Although those methods 

did not outperform Flusion or the FluSight ensemble, they were ranked 2nd and 13th among 

the 29 individual models included in our evaluation of FluSight forecasts for the 2023/24 

season (see Section 6.2). The success of the Flusion model and these other methods that 

incorporated multiple data sources in the 2023/2024 FluSight season suggests that this 

approach may be a promising direction, especially in the context of public health data 

modernization initiatives that may replace long-standing surveillance data systems with new 

data streams.

The remainder of this article is structured as follows. We begin with some context for our 

work, including a discussion of the data sources we use in Section 2 and an overview of 

the FluSight forecasting exercise in 3. We establish notation in Section 4 and describe our 

modeling approaches in Section 5, and then we discuss the performance of our real-time 

forecasts relative to other contributors to FluSight in the 2023/24 season in Section 6. 

Section 7 details a series of ablation studies that provide insight about which aspects of our 

modeling approach were important to its success. We conclude in Section 8.

2. Data sources

Our model used three measures of influenza activity (Fig. 1). The first of these was weekly 

influenza hospital admissions reported to the National Healthcare Safety Network (NHSN, 

(Centers for Disease Control and Prevention, 2023b)), which was the target signal for 

FluSight (see Section 3 for more detail). NHSN reports counts of hospital admissions where 

the patient tested positive for influenza at the time of admission or within the previous two 

weeks. Requirements for facilities reporting to NHSN have changed over time, but for the 

time period included in our analyses reporting was generally mandatory for all hospitals 
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registered with the Centers for Medicare and Medicaid Services. We worked with reported 

data that had been aggregated to the state level for each of the 50 US states, the District 

of Columbia, Puerto Rico and the national level. Reporting of influenza hospitalizations 

through NHSN began in 2020, and the first two years of reporting for this signal showed 

very low influenza activity during the COVID-19 pandemic. As a result, at the start of the 

2023/24 season this signal had only one season’s worth of data showing patterns typical of 

seasonal influenza.

To address this limitation of the target surveillance signal, our model used two other 

measures of weekly influenza activity that have a longer reporting history. The first of 

these was a measure of hospital admissions where the patient has a positive influenza test 

as reported by FluSurv-NET, expressed as a rate per 100,000 population in the catchment 

areas of selected hospital facilities (Centers for Disease Control and Prevention, 2023a). Our 

models used data from 14 sites in 13 states (including two sites in New York, which we 

aggregated to the state level), as well the ‘‘Entire Network’’, which we use as an estimate of 

influenza activity at the national level. The other signal was ILI+, which is an approximate 

measure of the proportion of outpatient doctor visits where the patient has influenza that 

is derived by combining data from ILINet, the World Health Organization (WHO), and the 

National Respiratory Enteric Virus Surveillance System (NREVSS) (Goldstein et al., 2011; 

Centers for Disease Control and Prevention, 2023b). Our models use ILI+ data at the state 

level and national level, as well as at the regional level for the ten Health and Human 

Services regions, which are groups of between 4 and 10 states and/or territories of the US. 

As will be described further in Section 5, in this work our goal in using these data was to 

provide models with additional historical data to use for learning about trends in seasonal 

influenza activity. Because contemporaneous use of these signals was not our primary goal, 

and in order to avoid complications with integrating multiple data sources with different 

reporting lags and backfill behaviors, in this work we only used historical data prior to the 

2023/24 season for these alternative data signals.

For both of these additional signals, we included adjustments designed to correct for known 

challenges with interpreting the data collected by FluSurv-NET and ILINet as consistent 

measures of influenza activity over time. The FluSurv-NET data report on patients with a 

positive influenza test, and as such are subject to varying levels of underreporting depending 

on changing testing rates and test sensitivity from season to season. The CDC produces 

annual estimates of hospital burden due to influenza that adjust for these factors (Centers 

for Disease Control and Prevention, 2024b). We used these total burden estimates to 

estimate season-specific inflation factors that scale up reported rates from FluSurv-NET, 

with the intent of producing a more consistent measure of influenza activity over time; see 

supplemental section 2 for more details. These inflation factors were generally larger in 

earlier seasons than in later seasons, indicating that FluSurv-NET undercounted influenza 

activity more in early seasons than it did in later seasons.

ILINet reports a measure of influenza-like illness (ILI), as the percent of outpatient doctor 

visits where the patient has a fever with a temperature of at least 100 °F (37.8 °C) and a 

cough and/or a sore throat (Centers for Disease Control and Prevention, 2023b). Because 

ILI is defined symptomatically, this signal generally includes some patients who have 
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respiratory diseases other than influenza such as RSV and COVID. To address this, we 

computed ILI+ as the product of this ILI signal and influenza test positivity rates from 

laboratory testing sites reporting to WHO and NREVSS systems. After converting to a 

proportion scale, ILI+ can be interpreted as an estimate of the proportion of outpatient 

doctor visits where the patient has influenza, and has been used in previous forecasting work 

as a more specific measure of influenza activity than ILI (e.g. Goldstein et al., 2011; Shaman 

et al., 2013).

Our models were not trained on the 2008/09 and 2009/10 seasons, which were impacted 

by pandemic H1N1 influenza, and the 2020/21 and 2021/22 seasons, which were impacted 

by low influenza activity during the COVID pandemic. Additionally, some of our models 

were not trained on the influenza off-season (see Section 5.2 for more detail on our models). 

Designating US Epidemic week 31 as season week 1 (generally falling in early August, a 

time of consistently low influenza activity), we define the on-season as season weeks 10 

through 40 and the off-season to be the remaining weeks, which fall during the summer 

months (Centers for Disease Control and Prevention, 2024a). Omission of the off-season 

from the training set forms a natural implementation of purging/embargoing, a method that 

is popular in econometric time series forecasting in which the time series is split into blocks 

for cross-validation with a buffer between the time blocks to prevent leakage of information 

across the cross-validation folds (De Prado, 2018; Lainder and Wolfinger, 2022).

3. The FluSight collaborative forecasting exercise

For the 2023/24 season, the primary target for forecasts collected in the FluSight forecasting 

exercise organized by CDC was weekly hospital admissions with confirmed influenza as 

reported in the NHSN data set for each of the 50 US states, the District of Columbia, Puerto 

Rico, and in total at the national level (Fig. 1, top panel). Predictions were submitted to 

FluSight on Wednesday each week. The week of submission is anchored relative to the 

Saturday after the submission date, which corresponds to the final day of that US epidemic 

week and is denoted as the reference date for the predictions. Predictions were made for 

hospital admissions from Sunday to Saturday in the current week and each of the three 

following weeks, corresponding to forecast horizons of 0, 1, 2, and 3 weeks ahead relative to 

the week of submission. A new data release from NHSN was made public at approximately 

noon on Wednesday each week including reported admissions up through the previous 

Saturday, and predictions were based on models fit to that data release. This data release was 

delayed by one day on the week ending on April 13, 2024, and for that week the forecast 

submission due date was extended so that the latest data could be used.

For the hospital admissions target, probabilistic predictions were represented with a set of 

predictive quantiles at K = 23 quantile levels αk, corresponding to a predictive median and 

the endpoints of 11 central prediction intervals at the nominal 10%, ..., 90%, 95%, and 98% 

levels. For example, the predictive median corresponds to α12 = 0.5 and the 98% interval 

corresponds to predictive quantiles at the levels α1 = 0.01 and α23 = 0.99.
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4. Notation and evaluation metrics

We use zs, l, t to denote the observed value of surveillance signal s (with s = 1 for NHSN 

data, s = 2 for FluSurv data, and s = 3 for ILI+ data) in location l in week t. We denote 

the predictive quantile at level αk for the value of the signal s in location l, generated on 

reference date d at forecast horizon ℎ by qs, l, d, ℎ, k. Note that the observation zs, l, t at time t is 

the prediction target across the four combinations of reference date d and forecast horizon ℎ
with d + ℎ = t. For brevity, we will often use the index i to refer to a forecast task consisting 

of a combination of values of s = s(i), l = l(i), d = d(i), and ℎ = ℎ(i), with qi, k denoting the 

prediction at quantile level αk for that task and zi denoting the corresponding observed value.

In this manuscript, we evaluate forecasts using three metrics: the mean absolute error (MAE) 

of the predictive median, the mean weighted interval score (MWIS), and the coverage 

rates of central 50% and 95% prediction intervals. In some figures, we will also examine 

one-sided quantile coverage rates. Our evaluations of forecast skill cover only predictions 

of NHSN admissions s = 1 . All of these metrics have been used by FluSight for forecast 

evaluation. The absolute error and weighted interval score are proper scoring rules for 

the predictive median and the full collection of predictive quantiles collected by FluSight, 

respectively (Gneiting, 2011; Bracher et al., 2021). This means that in expectation under 

a forecaster’s predictive distribution, the scores are optimized by submitting the predictive 

median or the collection of elicited predictive quantiles of that distribution.

MAE measures the average distance between the predictive median and the eventual 

observation, with smaller values indicating better forecast accuracy. Recalling that the 

predictive median corresponds to the quantile level α12 = 0.5 (i.e., k = 12), the absolute error 

of the prediction for task i is qi, 12 − zi . In our evaluations, the mean absolute error averages 

the absolute error across predictions for different locations, dates, and horizons.

WIS can be viewed as a generalization of the absolute error to a set of quantile predictions, 

and is equivalent to an average of quantile scores (sometimes referred to as pinball losses) 

computed for each quantile prediction (Bracher et al., 2021):

W I S qi, k:k = 1, …, K , zi = 1
K ∑

k
2 ⋅ QSαk qi, k, zi

QSαk qi, k, zi = αkmax zi − qi, k, 0 + 1 − αk max qi, k − zi, 0

The quantile score for a single quantile prediction assigns an asymmetric penalty to the 

distance between the prediction and the observation. The magnitudes of the penalties for 

underprediction and overprediction are set so that the expected value of the quantile score 

with respect to the forecast distribution is minimized by the quantile of the predictive 

distribution at the specified quantile level (Gneiting, 2011). The quantile score for the 

quantile level 0.5 is equal to one half of the absolute error of the median. Again, lower 

values of WIS indicate a better alignment of forecasts with the observed data. MWIS is the 

average WIS across multiple locations, dates, and horizons.
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We also compute relative versions of MAE and MWIS, denoted rMAE and rMWIS, using 

the ‘‘pairwise tournament’’ approach outlined in Cramer et al. (2022). In a comparison of 

forecast accuracy among M models, computation of rMAE (rMWIS) has two steps. First, 

we obtain a summary of the average performance for model m relative to each other model 

m′, denoted θm. This summary is computed as the geometric mean of the ratio of the MAE 

(MWIS) for model m to the MAE (MWIS) for each other model m′, where for each model 

pair the MAE averages across the set ℐm, m′ of locations, dates, and forecast horizons for 

which both models submitted predictions. The rMAE (or rMWIS) then normalizes this 

geometric mean relative to the value of θm for a baseline model:

rM A Em = θm

θbaseline , where θm = ∏
m′ ≠ m

MAEℐm, m′
m

MAEℐm, m′
m′

1/(M − 1)

Here, M A Eℐ
m denotes the MAE for model m across all predictions for tasks i in the index set 

ℐ.

The primary purpose of this procedure is to correct for the varying level of difficulty of 

the predictions submitted by different forecasters in settings where some forecasters did 

not provide predictions for all locations or time points. In this situation, comparing MAE 

or MWIS could be misleading because a forecaster could achieve good MAE or MWIS 

by omitting forecasts for difficult locations or time points, such as near a peak in disease 

incidence. The relative metrics account for this by evaluating each pair of forecasters on 

the prediction tasks they shared in common, enabling a direct comparison of their scores. 

However, ultimately the rMAE and rMWIS metrics may also be susceptible to gaming 

by a forecaster who selectively omits forecasts that may have poor performance. Of note, 

considerations about missingness are relevant to the evaluation of submissions to FluSight 

in Section 6, but in the experimental results in Section 7 all forecasts were provided. A 

secondary goal of the relative scores is to standardize scores relative to a baseline model 

with known behavior, in our case the flat baseline described in Section 6. Smaller values of 

rMAE or rMWIS indicate better performance relative to the other models in the comparison 

pool, and in particular values less than 1 indicate performance that is better than the 

baseline.

Finally, we examine probabilistic calibration through the empirical coverage rates of 50% 

and 95% prediction intervals and individual quantiles. Let l, u ∈ 1, …, K  denote the 

indices for the lower and upper quantile levels defining the central prediction interval at 

a specified nominal level. For example, with our notation 95% intervals correspond to l = 2
and u = 22, with αl = 0.025 and αu = 0.975. The empirical prediction interval coverage rate 

across prediction tasks in the index set ℐ is defined as

1
ℐ ∑

i ∈ ℐ
1 qi, l ≤ zi ≤ qi, u ,
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where |ℐ| is the size of the index set ℐ and 1 qi, l ≤ zi ≤ qi, u  is 1 if qi, l ≤ zi ≤ qi, u and 0 

otherwise.

One-sided coverage rates at individual quantile levels can provide more detail than interval 

coverage rates. In some figures below, we show the difference between the empirical one-

sided coverage rate at each quantile level and the corresponding nominal coverage rate:

δk = 1
ℐ ∑

i ∈ ℐ
1 zi ≤ qi, k − αk .

A well-calibrated forecaster will have δk ≈ 0, while a conservative forecaster with wide 

prediction intervals will have δk > 0 for αk > 0.5 and δk < 0 for αk < 0.5.

5. Model

Flusion was constructed as an ensemble of statistical and machine learning time series 

models. All models were fitted to data that were preprocessed to standardize across different 

signals, locations, and time points, and we describe these preprocessing steps in Section 

5.1. We describe the component models in Sections 5.2 and 5.3 and the ensemble methods 

in Section 5.4. The precise formulation of the models included in the ensemble and the 

ensembling methods varied slightly over the course of the season, and we describe these 

aspects of our setup for generating real-time predictions in Section 5.5.

5.1. Data standardization

Our models were fitted to preprocessed versions of the surveillance data, with 

transformations designed to put the data on a similar scale for different surveillance 

signals and across different locations. Starting with the observed value zs, l, t of a particular 

surveillance signal s in location l at time t, we applied the following operations to compute 

the transformed version of the signal, zs, l, t:

1. For NHSN admissions, we divided by the population of the location l in units of 

100,000 people to convert to a hospital admissions rate per 100,000 population, 

which is comparable across locations of different sizes. We used population 

counts reported by the US Census Bureau (US Census Bureau, 2024a,b). Note 

that the ILI+ and FluSurv signals are naturally expressed as rates or percents and 

so the magnitudes of those signals do not depend on population size.

2. We took a fourth root transformation to stabilize the variance of the signal across 

times of low and high influenza activity. The fourth root was selected through 

visual inspection of data plots with various power transforms, using the criteria 

that the amount of variability around a local trend should be fairly consistent 

throughout all phases of the influenza season.

3. We scaled by dividing by the 95th percentile of all observations for each 

location and data source, and centered by subtracting the mean for each location 

and data source. These transformations adjusted for varying magnitudes of the 

surveillance signals for different data sources and locations.
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The resulting transformed data used as an input to the models are shown in Fig. 2.

5.2. Component models 1 and 2: GBQR and GBQR-no-level

The first two models used gradient boosting for quantile regression, which we abbreviate 

as GBQR; this methodological choice was motivated by the success of gradient boosting in 

several recent forecasting exercises as described in the introduction. Specifically, we used 

GBQR to obtain separate quantile regression fits for each required quantile level αk, using 

the average quantile loss QSαk as the learning objective. These models learned a mapping 

fαk xi  from features xi to the specified quantile of a predictive distribution for the target 

yi, where i indexes combinations of data source s(i), location l(i), reference date d(i), and 

forecast horizon ℎ(i). In gradient boosting, the estimated function fαk xi  takes the form 

of a sum of regression trees which are estimated sequentially. In each step of estimation, 

a new regression tree is added by fitting to pseudo-observations which are the gradient 

of the objective function (here, average quantile loss) with respect to the predictions for 

each data point after the previous iteration. At each quantile level, the final prediction was 

obtained using bagging, a procedure in which predictions are formed by ensembling models 

fit to different random samples drawn from the full data set. In our implementation, the 

predictions were computed as the median of the predictive quantiles from 100 separate fits 

that were each based on a different randomly selected 70% of the seasons in the training set 

(including partial data for the current season). The models were fitted using the LightGBM 

package in Python (Ke et al., 2017) with default settings for all hyperparameters.

The models were trained jointly on data for all data sources, locations, dates, and forecast 

horizons. However, the features xi for a particular prediction task indexed by i contained 

information only about influenza activity for the particular data source s(i) and location l(i). 
Inclusion of multiple locations and data sources in the training data set (corresponding to 

different prediction tasks with different indices i) allowed the model to use past examples 

from multiple locations and data sources to learn a mapping from x to y. However, 

in our model setup, predictions of NHSN admissions in a particular location were not 

informed by contemporaneous observations of NHSN admissions in other locations or by 

contemporaneous observations of other surveillance signals in that same location. The use of 

contemporaneous observations from other locations or signals to inform predictions remains 

a topic for future work. Of note, the inclusion of data for the same past season from multiple 

data sources and the inclusion of data that have been aggregated to the regional and national 

levels means that the model sees data related to any given time period and location multiple 

times during training.

Both the features xi and the prediction targets yi were calculated based on the standardized 

version of the original surveillance signal, z (see Section 5.1). As was described above, on 

reference date d the most recent available data report on influenza activity in the previous 

week, d − 1. For forecast task i with reference date d(i) and forecast horizon ℎ(i), we defined 

the prediction target for this model to be yi: = zl(i), s(i), d(i) + ℎ(i) − zl(i), s(i), d(i) − 1, the difference between 

the transformed signal value on the target date and on the date with most recent available 

reported data. Thus, the model was trained to predict the change in influenza activity over 
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the next ℎ(i) + 1 time steps. Predictions of this target were converted to the original scale 

by adding the last observed value zl(i), s(i), d(i) − 1  and inverting the initial data transformation 

operations described in Section 5.1.

For the primary GBQR model, the feature vector xi contained 114 features as outlined 

in Table 1. These features included information about the data source and location being 

forecasted, the time of season when the forecast was generated, the difference between the 

time of season when the forecast was generated and Christmas week (intended to help the 

model adjust for a consistent peak in reported influenza activity near the holidays), the 

forecast horizon, and measures of the local level, trend, and curvature of the surveillance 

signal in the weeks leading up to the time d(i). Measures of local level of the signal included 

the signal value itself, rolling means of the signal in a trailing window, and the intercepts 

of Taylor polynomials fit to a trailing window of observations; these Taylor polynomial fits 

were also used to obtain the features measuring local trend and curvature. More information 

about the calculation of these features is given in supplemental section 3.

Measures of the local level of the surveillance signal (i.e., the reported signal value, rolling 

means and the intercepts of Taylor polynomial fits) had a high feature importance in the 

primary GBQR model; see Section 7.3 below and supplemental section 4 for more detail. 

Starting in the eighth week of the season, on the reference date of December 2, 2023, 

we included a second variation on the GBQR model that was not allowed to see these 

‘‘local level’’ features. This was motivated by two considerations: (1) a model fit without 

features that had high importance in the primary GBQR model might introduce more model 

diversity to the Flusion ensemble; and (2) in seasons with particularly high or low incidence, 

measures of local level might not be a reliable indicator of the magnitude and direction of 

changes in future values of influenza activity. Although this model variation did not have 

access to any local level features (including the most recent data report), the formulation 

of the prediction target yi as the difference between the most recent data value and the data 

value on the target date meant that predictions from this model were still placed in the 

correct location relative to recent observations. In experimental results below, we refer to 

this model variation as GBQR-no-level.

5.3. Component model 3: ARX

Our third component model was a Bayesian auto-regressive time series model with 

covariates (ARX). This model is simpler than the models based on GBQR, but we included 

it in the Flusion ensemble for two reasons. First, simple AR models have a history of 

strong performance for infectious disease forecasting (e.g., Reich et al., 2019a). Second, 

past theoretical and applied investigations have shown that even relatively weak individual 

models can be valuable ensemble members if their prediction errors are not highly correlated 

with the other ensemble members, and in particular including methodologically diverse 

forecasters can be beneficial (e.g., Batchelor and Dua, 1995).

The ARX model included only one covariate: a spike function indicating proximity to the 

week of Christmas, taking the value 3 on Christmas week, 2 in the week before and the 

week after Christmas, 1 two weeks before and two weeks after Christmas, and 0 otherwise. 
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This covariate was intended to help the model account for the consistent peak in influenza 

activity that is observed near the holiday.

The ARX model was trained only on NHSN admissions, but as with the GBQR models, 

it was trained jointly on data for all locations. The autoregressive coefficients were shared 

across locations, while a separate variance parameter for the innovations was estimated for 

each location. Specifically, the model had the following structure, where we suppress the 

index s and use J to denote the autoregressive order (which we set to 8 in this work):

Zl, t ∣ zl, t − 1, …, zl, t − J, xl, t − 1, …, xl, t − J, εl, t = ∑
j = 1

J
αjzl, t − j + ∑

j = 1

J
βjxl, t − j + εl, t

Xl, t ∣ xl, t − 1, …, xl, t − J, vl, t = ∑
j = 1

J
γjxl, t − j + vl, t

εl, t Normal 0, σε, l
vl, t Normal 0, σv, l

The parameters σε, l and σv, l, l = 1, …, L, were assigned independent Half-Cauchy priors, and 

all of the αj, βj, and γj parameters were given the shared hierarchical normal prior αj, βj, 

γj Normal(0, ξ) with a scale ξ that followed a Half-Cauchy prior.

Note that unlike many ARX model specifications, our model did not take future values 

of the covariate xl, t as known, but rather it predicted the covariate alongside the primary 

prediction target. In our modeling setting, where xl, t was a deterministic function of the 

season week, this behavior was likely not ideal. Remedying this to allow for the provision 

of known future values of covariates is on a short list of model improvements to make, 

though we did not make this update prior to the 2023/24 season due to time constraints. 

Anecdotally, we noted that near Christmas week the model’s predictions of the covariate x
captured the spike function’s behavior.

The motivation for sharing the auto-regressive coefficients across locations was that this 

might help prevent the model from overfitting to a limited amount of training data. With an 

autoregressive order of J = 8, there were a total of 24 α, β, and γ parameters to estimate (and 

even if the values of the covariate were held fixed, there would be 16 α and β parameters 

to estimate). Estimating these parameters based on only a single past season of data for 

one location would likely be infeasible. This is similar to the strategy of joint estimation of 

shared parameters across multiple observed series that has been employed elsewhere (e.g., 

Montero-Manso and Hyndman, 2021). On the other hand, we felt that it was important to 

estimate separate variance parameters for different locations because the amount of noise in 

the observed data varies substantially across locations with small and large populations (Fig. 

2).

In this model, forecasts more than one step after the most recent observed data were 

obtained by iterating one-step-ahead predictions. As with the GBQR models, the model is 

specified in terms of the transformed data z, so predictions on the original scale of the data 

were obtained by inverting the initial data transformations described in Section 5.1.
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We used the No-U-Turn Sampler (NUTS, (Hoffman et al., 2014)) algorithm for model 

estimation in NumPyro (Phan et al., 2019).

5.4. Ensemble methods: Quantile averaging

For prediction task i, each of the three models above produced predictive quantiles qi, k
m , 

k = 1, …, 23. At each quantile level, the prediction for the Flusion model was the mean of 

the component predictive quantiles: qi, k = (1/M)∑m qi, k
m . This method has been referred to as 

quantile averaging (e.g., Lichtendahl et al., 2013) or as Vincent ensembling after (Vincent, 

1912).

5.5. Model adjustments used for real time forecasts

Here we describe a few minor variations on the methodology outlined above that we 

introduced over the course of the season.

As we described above, the GBQR and ARX component models were used throughout the 

full season, but the GBQR-no-level model was introduced starting in the eighth week. In 

the first week of the season only, we used an additional model that obtained a predictive 

median using the same method as GBQR, but obtained predictions at other quantile levels by 

bootstrapping out-of-sample residuals.

In the first week of the season, as a hedge against possible reporting revisions we formed our 

submitted predictions by combining forecasts based on all available data and forecasts based 

on data up to the second-to-last observation (i.e., omitting the final reported value).

Finally, in the submission for reference date of December 16, 2023, we dropped our 

forecasts for Massachusetts. In that week, the most recent NHSN data release did not 

include full reporting for Massachusetts, and the FluSight organizers at CDC announced 

that they would not score or publicly communicate forecasts for Massachusetts that were 

submitted that week.

The experimental results below indicate that these changes had only a minor impact on 

forecast performance. For example, averaging over the full season, the MWIS of ensembles 

that included GBQR-no-level or omitted it differed by only 0.3 (Section 7, Table 3).

5.6. Software availability and reproducibility

Code for fitting models and generating predictions for real-time submissions and 

retrospective experiments is available at https://github.com/reichlab/flusion. Feature 

preprocessing functionality is implemented in a Python module at https://github.com/

reichlab/timeseriesutils/, and the ARX model is implemented in a Python module at 

https://github.com/elray1/sarix. Code for analyses in the manuscript and supplement is 

available at https://github.com/reichlab/flusion-manuscript. The manuscript is generated 

with a reproducible workflow using Docker (Merkel, 2014) and knitr (Xie, 2014). Analyses 

were conducted using R version 4.4.0 (R Core Team, 2024) and Python version 3.10.12 (van 

Rossum, 1995).
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6. Real-time performance: the 2023/24 FluSight season

In this section, we summarize model performance results for real-time submissions to 

FluSight in the 2023/24 season.

6.1. Evaluation setup

We only evaluated forecasts that were made at the state level; MWIS and MAE can be 

dominated by locations with large populations, and we have found that averages that include 

scores for national level predictions often only reflect predictive skill at the national level. 

Our analysis includes predictions made at horizons of 0 weeks (nowcasts), and predictions at 

horizons of 1, 2, and 3 weeks ahead relative to the reference date.

We included all models that contributed forecasts for at least two thirds of the combinations 

of state-level locations, reference dates, and non-negative horizons for which FluSight 

collected forecasts over the course of the season. Because a comprehensive evaluation of 

all FluSight contributors is not the aim of this manuscript, we anonymized the names of 

other individually-contributed models in these results to focus attention on the comparisons 

that are of interest for our purposes. However, we included these other models in the analysis 

to give a more complete sense of how Flusion compared to all other contributing forecasters. 

We also included the ensemble forecasts that were produced by FluSight and were used 

by CDC as the source of official communications throughout the season. These ensemble 

forecasts were calculated by taking the median of the predictions at each quantile level 

across all contributing models.

We also included results from two baseline methods. The first baseline, which we refer to as 

Baseline-flat, was a random walk model produced by FluSight (labeled as FluSight-baseline 

in submissions), which produced forecasts that extended from the most recent observation 

in a flat line, with expanding uncertainty based on historical differences in weekly hospital 

admissions. In this method, for each location i the historical differences δi, t = yi, t − yi, t − 1

were collected, along with their negative values −δi, t (a process which we refer to as 

‘‘symmetrizing’’ the differences). Forecasts at multiple step-ahead horizons were generated 

by iteratively sampling from this collection of symmetrized weekly differences.

The second baseline method, Baseline-trend, was produced by our team. It followed a 

similar process to the Baseline-flat model, with a few modifications that were designed 

so that the resulting forecasts tended to follow the trend of recent observations. It was a 

quantile averaging ensemble of 16 variations on the baseline method. Most importantly, it 

incorporated variations that did not symmetrize the past differences, and rather than using 

all available history, it collected differences in a rolling window of the past few weeks. 

The 16 variations were obtained by using different options for the rolling window size, the 

temporal resolution of data used as an input (daily or weekly), a data transformation that 

was applied (no transformation or square root), and whether or not symmetrization was 

used. We emphasize that although this baseline was more methodologically involved than 

Baseline-flat, it produced an epidemiologically naive forecast that pushed forward a local 

estimate of the trend observed over the few most recent weeks.
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Scores were calculated based on the version of the NHSN target data signal that was 

released by FluSight on May 1, 2024. Reporting of influenza admissions to NHSN was not 

mandatory beyond that date, and so this data release represents the latest available complete 

data release to use for forecast evaluation.

6.2. Evaluation results

Forecasts from Flusion often appeared similar to forecasts from the FluSight-ensemble, 

though in several states (e.g. Florida, California, and New York) Flusion did a better job 

of capturing the increase in weekly hospital admissions in the early part of the season and 

a slightly better job of predicting the turnaround after the peak in late December (Fig. 3, 

Supplemental Figures 3 through 8). Qualitatively, both the FluSight-ensemble and Flusion 

generally captured trends in hospital admissions better than the baseline models during all 

phases of the season — during the rise in the early part of the season, near the peak, and on 

the way down. An exception to this can be seen in forecasts for New York, Pennsylvania, 

and Michigan that were produced with a reference date of February 3, 2024. Those states 

had two local peaks: one near Christmas, and a second in late February or early March. This 

was a common pattern in many states in the northern US in the 2023/24 season, and in these 

instances Flusion (as well as the FluSight ensemble) typically produced incorrect predictions 

of continued decreases after the first peak heading into the second peak. There were 

also several instances, such as predictions made in late December in Florida, California, 

Pennsylvania, and Michigan, where predictions did not accurately capture the decline after 

the holiday peak. We return to these challenges in the discussion. These general trends in 

forecast performance also held in other states (Supplemental Figures 3 through 8).

Aggregating across all forecast dates and forecast horizons, Flusion had the best 

performance as measured by rMWIS and rMAE among all models that contributed to 

FluSight for the 2023/24 season (Table 2). In a sensitivity analysis, we found that these 

results still held when the evaluation was conducted on the subset of forecasts generated for 

locations and reference dates for which the latest available data at the time of the forecast 

were not subsequently revised by 10 or more admissions (supplemental section 7). Flusion 

was consistently among the top-ranking models contributing to FluSight across individual 

forecast reference dates and forecast horizons (Fig. 4(b)). Forecasts had decreasing accuracy 

at larger forecast horizons (Supplemental Figure 9).

Prediction intervals from Flusion tended to be underconfident, i.e., prediction intervals 

were too wide on average (Table 2). An examination of one-sided quantile coverage rates 

indicates that marginally, the predictive quantiles in the upper tail of the forecast distribution 

were fairly well calibrated, while predictions for the lower quantile levels were too small 

on average (Fig. 4(c)). Overall, the probabilistic calibration of Flusion was comparable to or 

better than that of other models contributed to FluSight, and it was superior to the calibration 

of the baseline and ensemble models.

7. Post hoc model exploration

In this section, we investigate the degree to which the following aspects of Flusion 

contributed to its strong performance: 1. the formulation of Flusion as an ensemble of 
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three individual models; 2. joint training on multiple data sets and multiple locations; 3. 

data preprocessing, including corrections for reporting inconsistencies in the ILINet and 

FluSurv-NET data, the use of a fourth root data transform, and the importance of the 

features that were used by the GBQR model.

7.1. Component models and ensembling

To investigate the skill of our individual component models and the added value of 

ensembling, we computed scores for each of the three component models that were 

members of the Flusion ensemble and for ensembles formed using two of the three 

components. As documented in Section 5, the component models and ensembling method 

that we used in real time changed over the course of the season. To enable a clearer 

understanding of the contributions of these models, the results we present here are based 

on the specifications of the individual GBQR, GBQR-no-level, and ARX models and 

the quantile averaging ensemble method that were used for Flusion starting the week of 

December 2, 2023. In instances where predictions from one or more component models 

were not created in real time, we created post hoc model fits and predictions using the data 

that would have been available in real time.

In this comparison, the most important determinant of performance was whether or not an 

ensemble included the GBQR model (Table 3, Experiment A). Score differences among 

the top four model variations were small, and all of those model variations included the 

GBQR model either alone or in combination with GBQR-no-level and/or ARX. There was a 

drop-off in performance for other variations that did not include GBQR. Thus, the fact that 

Flusion was constructed as an ensemble of methodologically distinct models was not a key 

driver of its performance. Indeed, GBQR alone and GBQR-no-level alone would each have 

placed first among all FluSight submissions if they had been submitted instead of Flusion, 

while ARX would have placed third among all contributing models. (We would note that 

gradient boosting methods are often considered to be ensemble methods, and remind the 

reader that we used bagging, another ensembling approach, within the GBQR method. 

Our observation here is that GBQR alone performed about as well as ensembles including 

GBQR alongside other distinct components.)

The GBQR-no-level model, which was trained without access to features measuring the 

local level of the time series, had worse performance than the primary GBQR model, and 

ensembles that included it generally performed slightly worse than ensembles that did not 

include it. We view this as evidence that the approach of omitting local level features was 

harmful to individual model performance without introducing enough differentiation from 

the primary GBQR model to serve as a useful ensemble member. In contrast, although 

ARX was the worst of our individual models, ensemble variations that included ARX were 

slightly better than ensemble variations that did not include it. Including models with more 

structural differences can be helpful in an ensemble, although in these results the gains in 

performance from including ARX were generally small.
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7.2. Joint training on multiple data sets and multiple locations

The primary GBQR model was trained jointly on data from all three surveillance signals 

(NHSN, FluSurv-NET, and ILI+) and on data for all locations at the state, HHS regional, 

and US national levels. To investigate the value of this joint model training approach, we 

considered two alternative methods:

1. The GBQR-only-NHSN model was trained on data for all locations, but using 

only hospital admissions from NHSN, the surveillance signal used as the 

prediction target.

2. The GBQR-by-location model was trained separately for each state-level 

jurisdiction using data for that location from all three data sources.

Both of these alternatives underperformed relative to the GBQR model in terms of MWIS, 

MAE, and interval coverage rates (Table 3, Experiment B). GBQR-by-location would 

have been among the top three contributing models to FluSight, and GBQR-only-NHSN 

would have been among the top ten contributing models; however, both would have 

underperformed relative to the FluSight ensemble. The decisions to train on multiple data 

sources and to train jointly on data for all locations were critical for achieving strong model 

performance.

7.3. Data preprocessing

In a third experiment, we fitted two model variations to investigate the value of some 

of the data preprocessing steps we used. The GBQR-no-reporting-adj model omitted the 

adjustments described in Section 2 that were intended to address reporting inconsistencies 

in the ILINet and FluSurv-NET data. Specifically, this model used the ILI signal directly 

rather than using test positivity rates to convert to ILI+, and it used the raw rates reported 

by FluSurv-NET rather than attempting to account for time-varying case capture rates in the 

FluSurv-NET system. In our evaluations, GBQR-no-reporting-adj outperformed the original 

GBQR model by a small amount (Table 3, Experiment C). In our model formulation, these 

reporting adjustments were not helpful to model performance and indeed the evidence 

suggests that they were counterproductive.

In a second model variation, we investigated whether or not the use of a fourth root data 

transform was helpful. The GBQR-no-transform model was fit to data without using a power 

transform, though other preprocessing steps described in Section 2 were used, including 

converting hospital admissions to a rate per 100,000 population and applying centering and 

scaling operations to make the data more comparable across different locations and data 

sources. The GBQR-no-transform model had slightly worse performance than the original 

GBQR model, indicating that the power transform was helpful (Table 3, Experiment C).

We also investigated feature importance as measured by the number of times each feature 

was used for the splitting criterion in a tree node in the gradient boosting fits for the GBQR 

model (supplemental section 4). For this investigation, we used a representative fit from the 

reference date of January 6, 2024. We averaged the importance score across the gradient 

boosting fits from all 100 bags and all 23 quantile levels. The top five features were the 

current season week, the population of the target location, the most recent observation of 
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the surveillance signal (after preprocessing transformations), the forecast horizon, and the 

difference between the current season week and Christmas week. These were followed by 

a group of features that also had fairly high importance, primarily consisting of features 

measuring the local level, trend, and curvature of disease incidence, as well as an indicator 

of whether the location was Puerto Rico (which sees substantively different trends in 

influenza activity than other locations), and indicators of what the data source was. A 

final group of features with lower importance included indicators for all other locations and 

indicators of the aggregation level for the location (state, regional, or national).

8. Discussion

The Flusion model documented in this manuscript was the top-ranked model in the FluSight 

forecasting exercise for the 2023/24 season as measured by MAE and MWIS, and its 

probabilistic calibration was comparable to or better than that of other participating models. 

The experimental results presented here indicate that this strong performance was primarily 

driven by the use of a gradient boosting model that was trained jointly on data from 

multiple surveillance signals and locations. In contrast, other modeling decisions we made 

had a more minor impact on forecast accuracy. For example, forming predictions as an 

ensemble of the GBQR model and a more classical ARX model yielded only a small gain in 

performance, and our attempts to compensate for irregularities in reporting for FluSurv-NET 

and ILI data were counterproductive.

Not all modelers that contributed to FluSight provided a description of their methods, but 

we reviewed the available model meta-data (Centers for Disease Control and Prevention) 

and identified at least 3 other models that in some way used data for multiple surveillance 

signals and trained jointly on data for multiple locations, along with an additional 13 

that used multiple surveillance signals and another 8 that were trained jointly on data 

for multiple locations. As with previous forecast evaluation efforts that have not found 

consistent associations between individual model design decisions and forecast skill (e.g., 

Mathis et al., 2024), these methods had a range of performance rankings. This indicates the 

challenge of identifying important modeling decisions by comparing scores from models 

that differ in many aspects of their model formulations, and highlights a strength of our 

study: the use of ablation studies to investigate the value-added from specific aspects of 

our model setup while controlling for other parts of the model design. That said, the 

second-best individual FluSight model overall (denoted as ‘‘Other Model #1’’ in Table 2) 

also used gradient boosting and multiple surveillance signals (Meyer et al., 2024), which 

lends additional support to our finding that these design choices were helpful.

A limitation of the results presented in this manuscript is that they report on performance 

only for a single season in the United States. Ongoing evaluation of the methods we 

have outlined will be necessary to ensure that the strong performance we documented 

here generalizes across multiple influenza seasons. Additionally, it would be valuable to 

understand how our methods would perform in the face of an influenza pandemic. The 

strong performance of a similar model using gradient boosting to forecast COVID offers 

some reassurance on this front (Lopez et al., 2024), but our reliance on a long history of 
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training data representing seasonal influenza activity may impact model performance in 

other settings.

There are numerous avenues for improving on our methods, and we are pursuing some of 

these in future work. Our intuition is that it would be valuable to use contemporaneous 

observations of multiple signals, such as NHSN admissions, FluSurv-NET, and ILI together, 

to inform predictions of trends in disease incidence. Care will need to be taken with this 

since the relative magnitudes of these signals can vary across geographies and over time. 

Along these lines, it may also be possible to use other signals, such as insurance claims or 

internet activity, to improve forecast accuracy (e.g., Osthus et al., 2019; McDonald et al., 

2021). A challenge with any approach integrating multiple data streams in real time is that 

they may have different reporting lags and different revision behaviors.

Although our models were trained jointly on data from multiple spatial units, the forecasts 

they produced were not directly informed by the spatial structure. We anticipate that 

improvements in accuracy could be achieved by including features that measure trends in flu 

activity in neighboring locations (Thivierge et al., 2024). Alternatively, it may be possible 

to improve forecast accuracy by reconciling predictions made at multiple hierarchical levels, 

for example generating probabilistic forecasts at the state, regional, and national levels and 

subsequently adjusting the predictions so that the forecasts at those scales are consistent with 

each other (Athanasopoulos et al., 2024). These methods would likely be particularly useful 

for locations with small populations, which typically have a relatively low signal-to-noise 

ratio in reported surveillance data.

Forecasting the turning point of an epidemic wave is a challenging problem (Castro et al., 

2020), and as we saw in Section 6.2 both Flusion and the FluSight ensemble often failed 

to accurately predict the turnaround after a local peak in disease activity or the increase 

leading into a second peak within the same season. We conjecture that it may be possible 

to improve forecasting performance in these instances through better handling of holiday 

effects or by extending our model to take into account epidemiological understanding of 

disease transmission. Improved handling of holiday effects, e.g. through features designed to 

measure trends accounting for the typical magnitude of holiday effects, could help models 

to predict a decline in activity immediately after the holidays and might allow the model to 

better see a second wave coming.

Features derived from mechanistic insights, such as measures of vaccine uptake and efficacy 

or the circulation of multiple strains of the influenza virus at different times over the course 

of the season may also be helpful (Kandula et al., 2017). For instance, a second wave of 

influenza later in the season is often at least partially driven by a different influenza type or 

subtype than was circulating early in the season. A model that saw data on disease incidence 

broken down by flu strain might be better able to predict a second wave in these situations. 

Information about vaccine uptake and efficacy might help a model predict season severity 

more accurately. A challenge with these approaches is that timely data may not be available 

for use in a real-time forecasting exercise.
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We expect that the main insights presented in this work regarding the value of using 

data from multiple surveillance signals and locations could be useful in multiple modeling 

frameworks and for forecasting infectious diseases other than seasonal influenza. These 

results are of particular importance to the infectious disease forecasting community since 

they indicate a path forward in settings where new public health surveillance systems may 

come online and shut down in a span of a few years. In the absence of a long history of data 

for a signal of interest, borrowing information from similar data sets can provide important 

context for models to learn about patterns of disease transmission.
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Fig. 1. 
Influenza data at the national level in the US. The top panel shows weekly hospital 

admissions from NHSN, including the 2023/24 season that was the target season for 

predictions described in this article. In the second panel, a dashed orange line shows raw 

data reported from FluSurv-NET; the modeled data, in blue, are obtained by scaling up the 

raw data using per-season inflation factors designed to account for varying testing rates and 

test sensitivity. In the third panel, a dashed orange line shows raw ILI data from ILINet; the 

modeled data in blue are ILI+ values obtained by combining ILI with test positivity rates. 

Dark gray shaded regions indicate pandemic seasons that were not used for model training; 

these include the 2008/09 and 2009/10 seasons which were impacted by pandemic H1N1 

influenza, and the 2020/21 and 2021/22 seasons which were impacted by low influenza 

activity during the COVID pandemic. Light gray shaded regions indicate the off-season, 

which was not used for training the GBQR and GBQR-no-level models. Additionally, 

FluSurv-NET and ILI+ data for the 2023/24 season were not used for model training in this 

work.
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Fig. 2. 
Influenza data for all surveillance signals and all locations available for each data source 

after standardizing transformations have been applied. The top row shows weekly hospital 

admissions from NHSN, the second row shows data from FluSurv-NET, and the third row 

shows ILI+. The left column shows all state-level locations, while the right column shows 

national level data, as well as data at the level of HHS regions for the ILI+ signal. The 

horizontal axis is the season week. We define the season to begin on US Epidemic Week 

31, which generally falls in early August; the range of season weeks shown corresponds 

approximately to the active flu season. Within each panel, there is one line for each 

combination of season and location for all seasons and locations that are available for the 

given surveillance system at the state, regional, and national levels. Line color corresponds 

to the population size of the location; the darkest lines are for the national level while the 

lightest lines are for states with small populations.
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Fig. 3. 
Influenza data and forecasts for the six states with the largest cumulative hospital admissions 

during the 2023/24 season. To avoid overplotting, in this figure forecasts from every fourth 

reference date are shown; evaluations include all reference dates. Forecasts are represented 

by the predictive median (black lines) and 50% and 95% prediction intervals (blue shaded 

regions). Solid orange lines show the finalized admission counts reported as of May 1, 2024, 

while dotted orange lines show the initial reported values that were available on the date 

predictions were generated.
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Fig. 4. 
Influenza data and evaluation results. Panel (a): Weekly influenza hospital admissions 

reported in NHSN for the 2023/24 season, aggregated across all forecasted state-level 

locations. Panel (b): rMWIS for models contributing to FluSight, by forecast horizon 

(panels) and target date (horizontal axis). Lower rMWIS indicates better forecast 

performance. rMWIS values greater than 2.5 are not displayed. Panel (c): One-sided quantile 

coverage differential, computed as empirical coverage rate minus nominal coverage rate. 

A well-calibrated model has a differential of 0, while a conservative method (with wide 
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prediction intervals) has a negative differential at nominal coverage rates less than 0.5 and a 

positive differential at nominal coverage rates greater than 0.5, indicated with blue shading.
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