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Abstract

For infectious disease forecasting challenges, individual model performance typi-
cally varies across space and time. This phenomenon raises the question: are there
properties of the target time series that contribute to a particular season, location, or
disease being more difficult to forecast? Here we characterize a time series’ future
predictability using a forecastability metric that calculates the spectral entropy of the
time series. Forecastability of syndromic influenza hospital admissions for the state
of California varied widely across seasons and was positively correlated with peak
burden. Next, using archived U.S. state and national forecasts targeting laboratory-
confirmed COVID-19 and influenza hospital admissions, we investigated the relation-
ship between forecastability and: (i) population size of the forecasting target, and (ii)
forecast performance as measured by mean absolute error, weighted interval score
(WIS), and scaled relative WIS. Forecastability increased with increasing population
size of the forecasting target, and forecasting performance generally improved with
higher forecastability when mitigating the effects of population size across scales.
These preliminary results support the idea that some targets and respiratory virus
seasons may be inherently more difficult to forecast and could help explain
inter-seasonal variation in model performance.

Author summary

Could intrinsic properties of an epidemiological time series help explain why a
particular season, location, or disease is more difficult to predict in the future?
To answer this question, this analysis uses a measure of a time series’ future
predictability called “forecastability,” which describes the inherent uncertainty
or surprise in the signal based on spectral entropy. Influenza and COVID-19
hospital admissions had higher forecastability scores for locations with larger
population sizes, possibly due to larger counts leading to smoother time series.
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At the same time, forecasting performance generally improved for time series
with higher forecastability scores when mitigating for the effects of population
size, suggesting that this metric is helpful for understanding ease of forecasting.
These preliminary results support the idea that some epidemiological targets
and respiratory virus seasons may be inherently more difficult to forecast and
could help explain why forecasting model performance changes across different
respiratory virus seasons.

Introduction

Infectious disease forecasting benefits public health decision making by inform-

ing prevention and response efforts to mitigate disease and economic burden [1].
There have been numerous collaborative forecasting efforts across multiple years
and diseases including influenza, COVID-19, dengue, West Nile Virus, and Ebola
[2—-6]. These forecasting challenges and “hubs” provide unified submission targets
for modeling teams, evaluate the performance of individual model predictions, and
synthesize predictions from multiple submitting teams into an ensemble model. Indi-
vidual model types vary widely in their formulation and may include mechanistic (e.g.,
Susceptible Infected Recovered [SIR] compartmental models), statistical, machine
learning, or ensemble approaches [3,7]. However, individual models of all types
historically have failed to outperform hub ensembles consistently through time [3,7].
Forecast performance also tends to decline during periods of rapid change, and cer-
tain forecasting targets have been more difficult to forecast than others, e.g., COVID-
19 cases compared to COVID-19 deaths [7,8]. It remains unclear which constituent
factors of a model contribute to higher performance, and it is common for individual
model performance to vary within and across seasons and locations [7,9].

At a high level, there are at least two broad categories of error contributing to
mismatches in forecasting model performance: (1) model inadequacy based on
poor calibration, misspecification, failure to capture key disease drivers, etc.; and (2)
the intrinsic limits of predictability of the target time series itself. To date, infectious
disease forecasting evaluations have relied on “model-based error analysis” frame-
works [10], i.e., using metrics like weighted interval score (WIS) to see how different
models perform locally at specific time points during an infectious disease outbreak
or season [3,7]. Here we ask the inverse question about the underlying forecasting
target itself: is there something intrinsic about the qualities of infectious disease time
series that make them more or less challenging to forecast? In an infectious disease
context, these predictability limits could arise from factors such as stochasticity in
the transmission process, reporting inconsistencies, or unexpected behavioral or
policy feedbacks [11-13]. Nevertheless, how to best quantify the predictability in a
time series remains a non-trivial and longstanding question that spans disciplines
[10,14-17].

Classifying regimes of time series complexity may help explain variation in model
performance and help determine model suitability for certain tasks (e.g., capturing
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linear vs. non-linear dynamics) [10,18]. Various measures of entropy offer a “model-free” approach of time series com-
plexity that is independent of specific model formulations for error evaluation [10]. Many of these measures, like Shannon
entropy, are rooted in information theory and reflect the inherent uncertainty or surprise in the possible states of a signal.
More specifically, Shannon entropy describes the inherent uncertainty of a probability distribution for a discrete random
variable X for set x:

H(X) == p(x)log (p(x))

Xex

where p(x) is the probability of state x being observed in set x. For continuous time series data, permutation entropy
takes the Shannon entropy of the ordinal-patterning of a time series [14,19].

Prior work has been done attempting to link time series complexity to model performance, and more specifically, to
classify the complexity of infectious disease time series—primarily utilizing permutation entropy. Garland et al. (2014)
applied a weighted permutation entropy to computer performance time series data and coupled that analysis with four
standard forecasting approaches that ranged in their ability to adequately capture complex, non-linear dynamics. They
found that weighted permutation entropy was broadly correlated with prediction accuracy of the forecasts [10]. Scarpino
and Petri (2019) proposed permutation entropy as a way of measuring the predictability limitations of infectious disease
time series [13]; different diseases displayed unique slopes of predictability vs. time series length, suggesting that per-
mutation entropy was responding to specific signatures in each disease time series. However, these outputs were not
subsequently linked to model prediction accuracy. In a separate application, the 2020 West Nile Virus Forecasting Chal-
lenge used permutation entropy to assess uncertainty in binned case counts and compare that to ensemble forecast
performance [6]. Average forecast skill was higher for counties with lower permutation entropy (i.e., less historical variation
in case counts). Most recently, Mills et al. (2025) calculated permutation entropy of a rolling window of COVID-19 weekly
incident cases and compared with time-varying forecast performance to understand how predictability affects forecast
value for decision making [20]. The ensemble model generally had greater relative performance especially at longer fore-
cast horizons, even during periods of lower predictability.

A related, but distinct, metric from permutation entropy is spectral entropy, which calculates the Shannon entropy of the
spectral density of the time series [21-23]. This metric describes disorder in the frequency domain of a time series, e.g.,
the complexity of a time series’ power spectrum. Unlike permutation entropy, spectral entropy does not quantify uncer-
tainty in temporal ordering of a time series. Both metrics are rooted in the same underlying formula for Shannon entropy,
but differ in how the probability function is defined, therefore capturing complementary information. Although there are
potentially several ways to define time series predictability, in this manuscript, we will hereafter use the term “forecastabil-
ity” to refer to the definition outlined in Goerg (2013) which is based in spectral entropy. This metric is invariant to shifting
or scaling, with values near 0% corresponding to white noise and values near 100% corresponding to a single sinusoidal
curve (Fig 1). A time series with high spectral entropy (i.e., low forecastability) suggests that the power spectrum of the
signal is spread across multiple frequencies, which is indicative of chaotic behavior with less structure to exploit for pre-
diction. In contrast, a time series with low spectral entropy or high forecastability will have its power signal concentrated
in a few frequencies, which points to periodic behavior or seasonality that may be leveraged for forecasting. For example,
S&P 500 returns that have minimal autocorrelation may have values near 1%, while mean temperature time series with
significant autocorrelation lags expected at six and twelve months might have a forecastability greater than 50% [21]. This
metric does not interact with forecast specifications like model type, forecast horizon, or loss function—depending only on
the target time series itself [21].

Using this metric, we explored the relationship between population size of the representative time series and forecasta-
bility in three separate data sets: (1) at a county and state-level for California for syndromic influenza hospital admissions
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Fig 1. Correspondence between example time series (first column), their autocorrelation values (second column), and spectral density in the
frequency domain (third column). The red text in the third column corresponds to a forecastability score of the original signal in the time domain. Time
series increase in their “forecastability” from top to bottom, ranging from purely random Gaussian noise (first row) to perfectly sinusoidal (third row). The
second row presents a simulated Susceptible Infected Recovered epidemic in a closed population with the transmission rate, 8 = 0.2 and the recovery
rate, y = 0.1and an initially infected fraction, Iy = 1 - 107®. The autocorrelation and spectral densities were calculated for the entire time series displayed
in the first column, and for ease of visual display, autocorrelation lags at intervals of 14 days were plotted with a maximum lag of 365 days displayed. For
consistency, all sample time series were differenced once prior to calculating the forecastability score.

https://doi.org/10.1371/journal.pcbi.1014175.g001

data from the California Department of Healthcare Access and Information (HCAI); (2) at a U.S. state and national level
for percent emergency department (%ED) visits for COVID-19 and influenza derived from the National Syndromic Surveil-
lance Program; and (3) at a U.S. state and national level for laboratory-confirmed hospital admissions data for COVID-19
and influenza derived from U.S. Health and Human Services (HHS) Patient Impact and Hospital Capacity Data System/
National Hospital Safety Network (NHSN) [24]. With the latter, we also investigated the relationship between forecastabil-
ity and forecast performance at the state and national scales using archived forecasts from the COVID-19 Forecast Hub
(https://covid19forecasthub.org/) and FluSight Forecast challenge (https://github.com/cdcepi/FluSight-forecast-hub)—two
collaborative forecasting initiatives for the United States that have targeted laboratory-confirmed hospital admissions for
COVID-19 and influenza, respectively [7,25]. Other studies have found that forecasting performance improves for larger
jurisdictions—e.g., states vs. counties [8] and larger vs. smaller counties [26]. We therefore hypothesized that: (1) as pop-
ulation size increases, forecastability of the time series should also increase; and (2) as forecastability increases, the WIS
of the natural log transformed forecast should decrease (i.e., forecast performance should improve with higher forecasta-
bility, when mitigating the effects of population size). We believe this is the first application linking this forecastability metric
based on spectral entropy to infectious disease forecast performance across diseases and seasons.
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Methods
Ethics statement

The California Health and Human Services Agency Committee for the Protection of Human Subjects (CPHS) has deter-
mined that this research (project number 2024—-210) is classified as exempt under the federal Common Rule. This deci-
sion is issued under the California Health and Human Services Agency’s Federal wide Assurance #00000681 with the
Office of Human Research Protections (OHRP).

Data

California county and state level syndromic influenza hospitalization data were derived from HCAI for the 2000-2022
respiratory virus seasons. State and national, laboratory-confirmed, COVID-19 and influenza hospitalization admission
data were obtained from HHS/NHSN via Delphi COVIDcast for the 2022—2024 respiratory virus seasons [24,27]. State
and national COVID-19 and influenza % emergency department (ED) visits were obtained from NSSP via Delphi
COVIDcast for the 2022-2025 respiratory virus seasons [27]. Seasons were classified by the standard influenza season
definition of epidemiological week 40 to week 39—specifically, October 2, 2022 - September 30, 2023 for the 2022—-2023
season, and October 1, 2023 - April 30, 2024 for the 2023—-2024 season, when only voluntary reporting continued after
April 30, 2024. To assess sensitivity of results to the season timing, an alternative season definition from July 1, 2022 -
July 30, 2023 and July 1, 2023 - April 30, 2024 was also explored.

State and national population size estimates were taken from the 2021 U.S. Census Bureau estimates [28]. Califor-
nia county population estimates were taken from 2020 California Department of Finance estimates [29]. To identify the
predominant influenza subtype for historical California seasons, the most frequently sequenced subtype was taken from
historic Respiratory Laboratory Network (RLN) and clinical sentinel laboratory surveillance data [30].

Historical forecasts for state and national COVID-19 and influenza targets were obtained from the COVID-19 Forecast
Hub and the FluSight Forecast Challenge, respectively, for the 2022—2023 and 2023-2024 respiratory virus seasons [7,25].
Specifically, we focused on a comparison of baseline and ensemble models, which have well documented methodologies
from these two hubs. Briefly, the ensemble model takes the unweighted median of each quantile for all eligible forecasts
submitted to the hub for a given target and date [7,25]. The baseline model is used as a neutral comparison model with the
median value of future forecasts equal to the prior week’s incidence and uncertainty defined by historical changes in weekly
incidence of the time series [7,25]. We also considered a few select models that were submitted consistently to both fore-
casting hubs across both seasons (e.g., CMU-TimeSeries, PSI-DICE, SGroup-RandomForest, UMass-trends_ensemble),
which represent a variety of statistical, mechanistic, and machine learning methodological approaches.

Forecastability metric

In this manuscript, we use a metric of time series complexity based in spectral entropy called “forecastability” that was
defined previously by Goerg (2013) [21]. We provide a brief overview of the concepts central to its definition, but refer the
interested reader to Goerg (2013) for a more detailed derivation. Time series can be analyzed in the frequency domain
through spectral analysis to reveal the constituent frequencies of a signal. This is reflected by the relationship between the
autocovariance function and the spectral density, which are reciprocal Fourier pairs of one another. The autocovariance
function of a stationary timeseries x; is given by:

(h)= E[ (Xt - Hx) (Xt—h - /~Lx)]

Where E is the expectation operator, h is the lag value that takes on any integer value, and px = E[x¢] or the mean of x;.
The spectral density for the same process, x;, for a given frequency, w, is achieved by taking the Fourier transform of the
autocovariance vx:
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For a continuous random variable X, Shannon entropy is approximated by differential entropy:
H(X) = - / f(x)logf(x)dx
X

with probability density function f(x) and support X € R. Combining the concepts of spectral density and differential
entropy, the forecastability of a stationary timeseries x; is more formally defined by Goerg 2013 [21] as:

- f:r fy(w)logfy(w)dw
- log(27)

Q(x) =1 € [0,1]
where fx(w) is the normalized spectral density of x; or f_: f(w)dw = 1. Here log(27) represents the expected differential
entropy value of a white noise signal, and so 2 (xt) would equal zero if and only if x; corresponded to true white noise [21].
This parallels Scarpino and Petri’'s (2019) definition of predictability: 1 — HP, where HP is the permutation entropy [13].
Before calculating the forecastability metric, time series were converted from daily values to rolling weekly sums (7-day)
to help account for potential day of week reporting effects. Time series were also assessed for stationarity with both the
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) and the Augmented Dickey-Fuller (ADF) tests at an alpha=0.01. Based on
stationarity test results and for comparability across geographies and seasons, time series were differenced once before
calculating the forecastability score. The metric of forecastability was calculated using the Omega function of the foreCA
package [21]. Forecastability scores were calculated for each location (i.e., counties for HCAI data or states and national
U.S. for NHSN) and for each respiratory virus season as defined in the “Data” section above.

Forecast evaluation

Point forecast error was assessed with mean absolute error (MAE), which takes the absolute difference between a mod-
el's median point predictions yi=1.n and the set of observed outcomes yi-1.y for a given model, location, and season such
that MAE = 1 S, |yi— ¥l

Probabilistic forecast accuracy was assessed with WIS, which is a metric that compiles the performance of a quantile
or interval-based forecasts over a range of prediction intervals [31]. The single, interval score for a forecast F with out-
come y for prediction interval (1 —«) x 100% is given by:

ISulF.3) = W=D+ 2(=y) x 1y <)+ Z(y- )<y > )

Where 1 is the indicator function, u is the upper prediction limit and / is the lower prediction limit. The score
resolves into three components: u—/ represents a penalty incurred for width or dispersion of the prediction interval,

2
g(I—y) x 1(y < /) conveys a penalty for underprediction, and a(y— u) x 1(y > u) conveys a penalty for overprediction.
«

The WIS then sums intervals scores prediction intervals at different levels (1 —aq) < (1—az) <... <(1-ak) such that:
WISa 5, (F.Y) = e (Woly = ml + 3 i {WilSa, (F. Y)})

Where K is the total number of quantiles included in the WIS, m is the predictive median forecast value, and wy is a
non-negative, unnormalized weight, often set to: wy = 5 and wp = 5 [31].

In addition, models were scored using relative skill, §;, which computes model rankings by taking the geometric mean of
all possible pairwise comparisons across all models, as given by:
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where 6, ,, represents the mean score ratio of model i and model m out of all possible models M. Because this metric is
based on pairwise comparisons, it only produces a score when models contribute to the same target for the same date(s)
and can therefore help to control for forecast missingness [32]. Here we present scaled relative WIS results which normal-
izes model performance relative to the corresponding baseline model for that target, location, date, and forecast horizon.
Relative WIS values below one indicate that the given model performs better than the baseline model, whereas values
greater than one suggest a model performs worse than the baseline model on average.

Lastly, models were evaluated using interval coverage for central prediction intervals of 50% and 90%. Coverage
evaluates the percentage of observations that fall within a given prediction interval [32]. A well calibrated model will have
a percentage of observations that roughly matches the prescribed prediction interval, e.g., 50% of observations fall within
the 50% central prediction interval between the 0.25 and 0.75 quantiles.

Metrics like MAE and WIS scale with the absolute size of their target [31]. This naturally gives more weight to locations
with a higher disease burden. In contrast, applying a log-transformation prior to evaluation means that forecasts are scored
based on relative error instead of absolute error, giving equal weight to location targets with smaller population sizes [33].
Therefore, forecasts and their corresponding observed outcomes were first transformed via the natural logarithm to help mit-
igate the difference in burden across target locations [33]. Following Bosse et al. (2023) and general convention, we added
small positive quantity (a=1) to the observations and predictions data prior to scoring, to account for potential values of zero
while maintaining a monotonic transformation [33]. In this case, both MAE and WIS values approximate relative error since
these were computed on the natural logarithm of the forecasts and their respective targets [33].

MAE, WIS, scaled relative skill, and interval coverage were calculated for each location, target date, and model com-
bination across one-, two-, three-, and four-week horizons using the scoringutils package in R [32]. To explore a potential
relationship with forecastability, each metric (i.e., MAE, WIS, scaled relative skill) was summarized by taking the mean
value for each combination of target location and respiratory virus season. All analyses were completed in R [34].

Results

When looking at California county and state-level syndromic influenza hospitalizations, for which more seasons of data
were available, some respiratory virus seasons were more “forecastable” than others, with the greatest differences occur-
ring for locations with larger population sizes (Fig 2A). For example, forecastability ranged from 19.5% to 41.6% for the
state of California for the 2021-2022 and 2017—-2018 seasons, respectively. Across seasons from 2000-2022, there was
a positive relationship between forecastability and both cumulative burden and peak burden of each respective season
with an adjusted R-squared of 0.56 and 0.81, respectively (Figs 2B and S1). The season (2017—2018) with highest peak
weakly admissions, cumulative burden, and forecastability was an H3N2-predominant season (Figs 2B and S1). Two
other H3N2 majority seasons (i.e., 2003-2004, 2005-2006) were outliers with higher-than-expected forecastability given
their peak burden. The two seasons bridging the 2009 H1N1 swine influenza pandemic (2008—-2010) were outliers with
lower-than-expected forecastability given their respective burdens.

For U.S. state and national laboratory-confirmed admissions, forecastability of the time series increased with target
population size for both COVID-19 and influenza across U.S. states and nationally (Fig 3). This pattern was generally of
the same order of magnitude for both COVID-19 and influenza, and similar across both the 2022—2023 and 2023-2024
seasons (Fig 3). In contrast, this relationship between forecastability and population size was more equivocal for % ED
visits (S2 Fig). Although the relationship was generally positive with the exception of the 2022—2023 influenza season,
only the 2023—-2024 and 20242025 COVID-19% ED visits displayed a significant positive relationship with population
size (S1 Table).
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As seen in prior studies [8,26], forecast performance for lab-confirmed hospital admissions generally improved for
more populous targets; i.e., for natural log transformed forecasts, MAE and WIS on the log scale decreased with increas-
ing population size for the ensembles (S3 Fig) and most individual models (S4 Fig). The same pattern was generally
observed for forecasting performance vs. cumulative seasonal incidence (S5 Fig). Except for the 2022—-2023 influenza
season, MAE and WIS for the ensemble on the log scale also decreased with higher forecastability, i.e., forecast perfor-
mance improved with higher forecastability (Fig 4 and Table 1). For example, for COVID-19 in 2022—-2023 season, fore-
castability values ranged from 10% (Idaho) to 30% (United States) with corresponding decreases in relative error of MAE
from 25% to 21% and relative error of WIS from 26% to 14% for the ensemble. In contrast, baseline model performance
showed no such relationship with forecastability, with non-significant or positive slope estimates (Fig 4 and Table 1).

Across both COVID-19 and influenza ensembles, rates of change of MAE per unit forecastability ranged from -0.0046
to -0.0086, i.e., every one percent unit increase in forecastability yielded a~0.46-0.86% decrease in MAE relative error
(Table 1). Rates of change of WIS per unit forecastability ranged from -0.0016 to -0.0062 for a corresponding decrease in
WIS relative error of ~0.13-0.62% per unit forecastability (Table 1). Relationships between the ensembles’ scaled relative
skill and forecastability were significant for both seasons and both diseases (Fig 4C and Table 1) with increases in relative
skill ranging from -0.0048 to -0.011 per unit of forecastability. Overall, these findings were robust to alternative definitions
of seasonal timing (S6 Fig and S2 Table) and forecast horizon (Fig 5 and S3 Table). Scaled relative skill of the ensemble
improved with higher forecastability for all forecast horizons for both COVID-19 and influenza (Fig 5 and S3 Table).

Forecast coverage varied widely across seasons, pathogens, and models making the relationship between forecasta-
bility and forecast interval coverage more ambiguous (S7 Fig and S4 Table). For example, for COVID-19, both the ensem-
ble and baseline models had higher than expected coverage at both 50% and 90% coverage intervals, while for influenza,
the ensemble and baseline generally had coverage less than or equal to target coverage levels (S7 Fig). Although interval
coverage generally decreased with higher forecastability, fewer of these relationships were significant than for MAE, WIS,
or relative skill (Tables 1 and S4). Moreover, this decreasing relationship only indicated a potential improvement in fore-
cast performance for COVID-19, since coverage levels started higher than the targeted 50% and 90% levels.

For lab-confirmed COVID-19 and influenza hospital admissions, the metric of forecastability was very susceptible to
data reporting frequency (Fig 6) and the amount of data smoothing (Fig 7). Time series down sampled to weekly reporting
frequency had a decreased forecastability score (Fig 6) and fewer significant relationships between forecastability and
population size (Table 2) compared to a time series of rolling weekly admissions with a daily reporting frequency. While
forecastability still increased with population size of the measured time series, population size explained less of the vari-
ance in forecastability for the weekly vs. the daily sampled time series, and this relationship was only significant for weekly
time series for COVID-19 in the 2023—2024 season (Fig 6 and Table 2). The relationship between forecastability and the
amount of data smoothing exhibited asymptotic dynamics—beginning with lower forecastability scores for daily reporting
that improved to a plateau as the length of the rolling sum window increased (Fig 7).

Discussion

Using a simple signal processing metric to characterize the predictability of infectious disease time series, we showed that
there are differences in the measured forecastability of time series across diseases (i.e., COVID-19 vs. influenza, Fig 3)
and across respiratory virus seasons for a given disease (Fig 2). Our work further suggests that forecastability increases
with population size when looking at count-based metrics like hospital admissions (Figs 2A and 3), and that ensemble
forecast performance improves for time series with higher forecastability scores when mitigating population size by using
a log-based scoring (Fig 4). Scaled relative skill of the ensemble against the baseline model improved with increasing
forecastability of the target time series across all four combinations of season and disease (Fig 4C), and these gains came
from improvements in ensemble performance rather than changes in the baseline model performance, which remained
relatively invariant to the time series’ forecastability (Fig 4C and Table 1). This observed variability in forecastability across
seasons could help explain why there has been such turnover in model rankings across years and the ability (or inability)
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https://doi.org/10.1371/journal.pcbi.1014175.g004
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Table 1. Slope estimates from linear regression model fits for forecastability (Q) vs. forecast performance for the ensemble and baseline mod-
els targeting laboratory-confirmed (HHS/NHSN) COVID-19 and influenza admissions at the U.S. state and national scales as shown
in Fig 4. Values are shown with three significant figures. Bolded rows are those statistically significant at a p=0.05 threshold.

Metric Disease Model Season Estimate (beta) Standard error Statistic p-value
MAE COVID-19 Baseline 2022-2023 -0.0101 0.00237 -4.25 9.46e-5
2023-2024 -0.00589 0.00257 -2.29 0.0264
Ensemble 2022-2023 -0.00857 0.00207 -4.13 1.38e-4
2023-2024 -0.00464 0.00216 -2.15 0.0367
Influenza Baseline 2022-2023 -0.00428 0.00389 -1.1 0.276
2023-2024 -0.00491 0.00205 -2.4 0.0202
Ensemble 2022-2023 -0.00636 0.00326 -1.95 0.0566
2023-2024 -0.00691 0.00173 -3.99 2.17e-4
WIS COVID-19 Baseline 2022-2023 -5.81E-04 0.00222 -0.261 0.795
2023-2024 -0.00369 0.00183 -2.01 0.0496
Ensemble 2022-2023 -0.00627 0.00125 -5.01 7.25e-6
2023-2024 -0.00419 0.00132 -3.18 0.00253
Influenza Baseline 2022-2023 0.00522 0.00247 2.11 0.04
2023-2024 -1.66E-04 0.00137 -0.121 0.904
Ensemble 2022-2023 -0.00167 0.0021 -0.793 0.432
2023-2024 -0.00418 0.00113 -3.7 5.38e-4
Scaled relative skill COVID-19 Ensemble 2022-2023 -0.0115 0.00232 -4.97 8.11e-6
2023-2024 -0.00487 0.00221 -2.2 0.0325
Influenza 2022-2023 -0.0101 0.0013 -7.75 4.1e-10
2023-2024 -0.0104 0.00131 -7.95 1.99e-10

https://doi.org/10.1371/journal.pcbi.1014175.t001

of models to outperform the ensemble model for any given season [7]. While this metric of forecastability is based in
spectral entropy, this finding reinforces previous work done with permutation entropy that found a relationship between
measured predictability and corresponding forecast accuracy [6,10].

The exception to this pattern was the 2022-2023 influenza season pattern where MAE and WIS scores did not covary
significantly with forecastability (Fig 4 and Table 1). This mismatch in the ensemble performance may have been caused
by irregular influenza dynamics in the aftermath of the COVID-19 pandemic [35]. During this period, the United States
experienced an unusual increase in influenza activity during the spring months of 2022, as well as a shift to forecast-
ing laboratory-confirmed hospital admissions beginning in 2022 for the CDC FluSight Forecasting Challenge instead of
influenza-like iliness [7]. It also highlights that forecasting a completely new signal remains challenging regardless of the
features of the time series, particularly with a lack of historical data for the target.

There appears to be a strong relationship between peak seasonal burden and forecastability (Fig 2B), which may point to
seasons with more singular, sharper peaks having higher forecastability per this particular metric. However, this finding con-
trasts with the general pattern that forecasts struggle most during periods of rapid change, such as during the growth phase
or at the epidemic peak, and that more severe seasons may be more difficult to predict [7,8]. In contrast, forecastability was
lower than expected for disrupted, atypical influenza seasons (e.g., during the 2009 H1N1 swine influenza pandemic and in
the wake of the COVID-19 pandemic) (Fig 2B). This follows intuition, as one would expect that periods of lower overall burden
would exhibit more epidemic stochasticity, while peak periods would better approximate mean field behavior. However, it is
worth noting that the forecastability metric is scale invariant [21], i.e., for a given time series, the forecastability score for the
raw number of weekly hospital admissions and the weekly admission rate would be the same. We therefore believe that this
metric reflects something more about the shape of the season other than just the absolute magnitude of the burden itself.
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https://doi.org/10.1371/journal.pcbi.1014175.g006

Our results also echoed prior work that found a relationship between population size of the forecast target and forecast
performance (S3 and S4 Figs) [8,26]. Forecastability scores increased with population size when looking across California
counties (Fig 2) and across U.S. states (Figs 3 and 4). This observed relationship between forecastability and population
size potentially reflects general intuition, i.e., that larger populations should have signals closer to the mean field, with
corresponding weaker high frequency components, resulting in a higher forecastability score. However, a key assumption
of this conclusion is that disease incidence or burden generally scales with population size. To test this assumption, we
assessed the relationship between cumulative seasonal incidence, forecastability, and forecast performance. Forecasta-
bility increased and forecast performance improved with higher cumulative seasonal incidence (S5 Fig). To further investi-
gate a possible mechanism for this pattern, we also looked at the relationship between population size and forecastability
for a metric with a denominator that accounts for volume of reporting: % ED visits. In this case, the relationship between
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https://doi.org/10.1371/journal.pcbi.1014175.9007

population size and forecastability was more equivocal; only COVID-19% ED visits for the 2023-2024 and 2024—-2025
seasons displayed significant positive relationships (S2 Fig and S1 Table). Since we might expect that a target metric with
a denominator might create smoother time series overall regardless of total incidence, a more subtle relationship between
population size and forecastability was not surprising. Another pattern worth noting is that forecastability had a non-linear
relationship with the amount of temporal data smoothing (e.g., daily vs. weekly rolling sum); forecastability increased with
the width of the window used for smoothing (Fig 7). Together these findings point to an improved signal-to-noise ratio
arising from data aggregation—whether spatial (i.e., larger populations with larger reporting volume) or temporal—as a
potential mechanism for a higher forecastability score, rather than some distinct transmission phenomenon occurring at
specific scales.

The patterns of forecastability observed here raise a couple of questions about the practical implementation of fore-
casting challenges for infectious diseases. The first is that this particular metric of forecastability appears to be strongly
affected by data frequency (e.g., daily vs. weekly) (Fig 6); this makes sense for a metric based in spectral entropy where
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Table 2. Slope estimates from linear regression model fits for forecastability (Q) vs. natural logarithm of population size for daily vs. weekly
reporting for COVID-19 vs. influenza laboratory-confirmed hospital admissions from state and national HHS/NHSN data for the 2022-2023 and
2023-2024 seasons as shown Fig 6. Values are shown with three significant figures. Bolded rows are those statistically significant at a p=0.05
threshold.

Cadence Disease Season Estimate Standard Error Statistic p-value
Daily COVID-19 2022-2023 6.22e-08 9.81e-09 6.340 6.55e-08
2023-2024 6.76e-08 1.19e-08 5.670 7.14e-07
Influenza 2022-2023 6.26e-08 1.81e-08 3.460 1.10e-03
2023-2024 6.70e-08 1.33e-08 5.030 6.78e-06
Weekly COVID-19 2022-2023 2.48e-08 1.09e-08 2.270 2.78e-02
2023-2024 3.03e-08 1.73e-08 1.750 8.67e-02
Influenza 2022-2023 2.48e-08 1.32e-08 1.880 6.61e-02
2023-2024 7.73e-09 9.77e-09 0.791 4.33e-01

https://doi.org/10.1371/journal.pcbi.1014175.t002

changes in reporting frequency can change the resulting frequency content of the signal. The relationship between
forecastability and population size was most significant for daily data (Fig 6 and Table 2). Aliasing—where naive downs-
ampling obscures higher frequencies in the sample and causes the power spectrum to become more uniform—could also
explain these observed dependencies on reporting frequency [36]. We could not tie these observations directly to forecast
performance because of a lack of information about which models were trained on daily vs. weekly data. Daily hospital
admissions data have been publicly available at certain times for COVID-19 and influenza (and were briefly a formal target
for COVID-19), but forecast hubs have primarily targeted weekly hospital admissions. Nevertheless, this pattern suggests
switching from daily to weekly reporting frequency may obscure information that has the potential to improve forecasting
performance.

Another notable pattern for this particular metric of forecastability is that there is a consistent lower asymptote at about
10% for smaller geographies, regardless of the disease. Although there has been increased interest in providing local
level forecasts in the wake of the COVID-19 pandemic [26], these results raise questions about infectious disease fore-
casting at these scales. Reduced model performance at smaller population size suggests that communication of these
forecast results to public health practitioners may need an explicit disclaimer. However, this consideration may not apply
to sub-state “local level” forecasts of larger population size, e.g., large metropolises like New York City. Since the fore-
castability scores of % ED visits were generally less dependent on population size (S2 Fig), using a metric with an implicit
denominator for reporting volume may also help mitigate these tradeoffs.

Finally, certain seasons were more or less predictable according to the forecastability metric (Figs 2A and 3A). Since
the baseline model showed no significant relationship with forecastability (Fig 4), this raises the question of whether
forecasting challenges should also be: [1] controlling for some version of signal predictability based on geographic scale
or [2] controlling for season predictability post-hoc when scoring forecasts. The former can be addressed by including
some form of relative error metric or transformed scoring that mitigates the absolute magnitude of target size [33]. The
latter might matter more for comparing model performance across seasons than within a season. For example, it might
be possible to standardize or scale forecast scores across seasons using a regression framework where one of the
covariates is a forecastability score or another time series complexity metric. This could help explain whether variability
in model performance reflects the ability of individual model types to better handle certain regimes or patterns of time
series complexity [10].

Forecastability is an appealing metric because it simplifies a complex time series into a single value. However, several
features point to the fact that this metric is not necessarily capturing all features or axes relevant to forecasting perfor-
mance, and the interpretation of this dimension reduction remains challenging. Since this metric of forecastability based
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on spectral entropy is measured in the frequency domain, it is sometimes difficult to understand which qualities of a time
series directly translate to a more forecastable signal. The utility of this metric is based on the assumption that having
repeated patterns in disease reporting or dynamics might be expected to improve forecast performance. However, there
are also potential instances where disease spread of a novel pathogen or new variant in a completely naive population—
with little historical data or repeating cycles—could be well informed by using a mechanistic understanding of disease
transmission alone. For example, during the initial Omicron round (Round 11) of the U.S. COVID-19 Scenario Modeling
Hub, Hub projections provided accurate information about the timing and magnitude of the new variant [37], presumably
because the simple laws governing the SIR framework applied for an immune escape variant. Therefore, with a good
understanding of transmission and immunity mechanisms and appropriate forecasting target context, one may not need to
rely on predictable cycles.

There are numerous other ways to measure time series complexity and entropy [16,17], such as permutation entropy
[10,13,20], and future work could compare other metrics that might capture other patterns or features of non-linearity
important to an infectious disease context. One key limitation of this analysis is that we measured the forecastability of
an entire season, while forecast metrics presented here represent mean scores of numerous individual forecasts through
time—each occurring at time points with imperfect and incomplete information for the season up to that given date. This
retrospective approach also means that we did not account for versioning of the underlying target data, which is a process
that modelers must contend with when generating forecasts in real time. Future analyses could explore applications for
real-time forecasting applications by applying this metric to versioned data and exploring its sensitivity to a rolling window.
Longer rolling windows, containing multiple years, might be able to better illuminate differences in periodicity for patho-
gens with annual cycles. It would also be interesting to see if the relationship between forecastability and forecast perfor-
mance changes during periods of the epidemic, e.g., near the peak or during low levels of activity. For example, Mills et
al. (2025) use a 12-week trailing window approach in combination with permutation entropy to look at localized forecast
performance [20]. Other methods that consider more local behavior of the time series at the time of the forecast (e.g.,
shapelet analysis, method of analogues) might also address this limitation of a global time series metric being applied to a
summation of local forecast scores [38,39].

While we investigated a few separate epidemiological targets (i.e., syndromic hospital admissions, % ED visits,
laboratory-confirmed hospital admissions), this analysis does not address potential underlying differences in clinical
reporting patterns or biases across geographies, seasons, or diseases that could subsequently impact forecastability
scoring. For example, while NHSN hospitalization data seems to correspond well with other pre-existing surveillance
systems for both COVID-19 and influenza [40—42], providers might be less likely to test for and diagnose influenza during
off season months, or with increased usage of multiplex testing, influenza detections may increase incidentally as a result.
This may matter practically for forecasting evaluation since there are often changes in infectious disease data continuity
through time in terms of targets, reporting frequency, and reporting definitions (e.g., influenza forecasting targets shifting
from influenza like iliness (ILI) to laboratory-confirmed hospitalizations during the COVID-19 pandemic, changes in NHSN
reporting requirements from daily to weekly in November 2024). Future work could explore other data sources and patho-
gens, and where possible, link those results to pre-existing forecasting hub archives to evaluate forecast performance.

This work could contribute to improved selection of baseline models for scoring forecasts (e.g., [43]), better cross-
seasonal comparisons of forecasting hub results, and an increased understanding of how forecasts should contribute
to decision making at different thresholds of uncertainty and predictability [20]. This metric only reflects the underlying
infectious disease time series itself, which ignores the other potential covariates that could form the complete information
set of a forecast (e.g., the value of knowing information about cases or hospitalizations when forecasting deaths) [20]. We
hope this analysis sparks further research into delineating the qualities of infectious disease time series themselves—or
the underlying “information set” of forecasts—that may help further explain forecasting performance across seasons and
diseases.
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