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Real-time analysis of epidemic trends and forecasts can help 
support public health planning and the response to seasonal res-
piratory disease. Here, we present two models that were used in 
a 2025 New Zealand winter situational assessment programme 
for three respiratory pathogens: SARS-CoV-2, influenza and res-
piratory syncytial virus (RSV). Data on SARS-CoV-2 were ob-
tained from the national Covid-19 surveillance system; data on 
influenza and RSV were limited to a sentinel hospital surveil-
lance programme. Models were run weekly from May to Oc-
tober 2025 on these real-time disease surveillance data and 
provided a quantitative representation of the current epidemic 
trend, along with estimates of the epidemic growth rate and 
28-day ahead forecasts of case incidence. Model results and in-
terpretation were provided in weekly reports to public health 
partners as part of a trans-Tasman winter programme run by 
the Australia–Aotearoa Consortium for Epidemic Forecasting 
and Analytics (ACEFA). We compare in-season results that 
were included in these reports to a retrospective analysis of 
the complete data for the season. We conclude that real-time 
analyses performed reasonably well and identify some areas 
for improvement in future winter situational assessment pro-
grammes. 
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1. Introduction 
Analysis of current epidemic trends and near-term forecasts can contribute to situational awareness and 
support healthcare capacity planning [1,2]. This is particularly relevant during the winter respiratory 
illness season, when healthcare capacity is often stretched [3] due to overlapping respiratory pathogen 
epidemics. Real-time analysis and forecasting models can help anticipate and plan for increases in hos-
pitalizations or patient load. 

Aggregate metrics, such as severe acute respiratory illness, or syndromic surveillance indicators such 
as influenza-like illness, are routinely used to monitor the progression of the respiratory illness season. 
However, these aggregate metrics can mask trends in the composite pathogens that contribute to the 
aggregate metric [4]. For example, a decreasing trend in an aggregate metric could mask a growing 
epidemic of a singe-component pathogen and, therefore, lead to underestimation of future healthcare 
demand. Quantifying pathogen-specific trends (or strain-specific trends where relevant) provides richer 
and more valuable information than assessing trends in aggregate metrics alone [5]. 

Real-time trend analysis and forecasts have been applied to a variety of pathogens including in-
fluenza [6,7], dengue [8], Zika [9], Ebola [10] and diphtheria [11]. They can also play an important role 
in pandemic response by adding an early warning dimension to pandemic respiratory surveillance and 
were used extensively during the COVID-19 pandemic [12–15]. 

In this paper, we describe a winter situational assessment programme for respiratory diseases, 
which was implemented for the first time in New Zealand in 2025. This programme was run by the 
Australia–Aotearoa Consortium for Epidemic Forecasting and Analytics (ACEFA) that oversees a trans-
Tasman situational assessment programme, including the Australia–Aotearoa Forecasting Hub [16]. 
This hub reflects the structure and activities of other infectious disease forecasting hubs around the 
world [8]. 

Our analysis focuses on two important components of situational assessment: real-time epidemic 
trend analysis and short-term forecasting. We present two separate models, developed by two inde-
pendent teams, one for trend analysis and one for forecasting. Both of these models were applied to 
the same surveillance data streams representing SARS-CoV-2, influenza and respiratory syncytial virus 
(RSV) activity in New Zealand. Our trend analysis model uses Bayesian P-splines [17] to model a case or 
hospitalization incidence time series as a smooth function of time. This allows us to estimate quantities 
such as the epidemic growth rate and the effective reproduction number. 

Our forecasting model is a latent state model with a renewal process for daily infection incidence [18] 
and a time-varying reproduction number [19]. The observed variables are daily case notifications and, 
where available, new daily hospital admissions (each of which is some fraction of infections, observed 
after a distributed time delay). The model is fitted to data using a particle filter (i.e. sequential Monte 
Carlo) approach [20]. 

For both models, we compare in-season results that were used in real time reporting to public health 
partners against retrospective analysis of complete data for the 2025 season. 

2. Methods 
2.1. Data 
We obtained two de-identified unit record datasets from Te Whatu Ora Health New Zealand. The first 
dataset contained all polymerase chain reaction (PCR)-confirmed cases of SARS-CoV-2 in New Zealand 
since 26 February 2020, including admission date for patients admitted to hospital for treatment for 
COVID-19. This covers the national population of approximately 5.3 million people [21]. During the 
study period, most PCR testing for SARS-CoV-2 was carried out in hospital settings, and all PCR results 
and related hospital admissions were reported to the national Public Health Agency and stored in a cen-
tral data repository. The Public Health Agency categorizes hospital admissions as SARS-CoV-2-related 
or incidental using two different sources of data. The first data source (the ‘inpatient database’) is avail-
able in near-real-time but includes probable SARS-CoV-2 hospitalizations. The second data source (the 
‘national minimum dataset’) is based on the final clinical coding, which is more reliable but is delayed, 
as hospital events are only required to be loaded into the dataset within 21 days after the month of dis-
charge [22]. We did not have access to the raw clinical datasets, only the categorization updated in real 
time by the Public Health Agency. This meant that revisions occurred to real-time counts due to hospital 
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admissions being retrospectively added to the data, and due to admissions being later re-categorized as 
not SARS-CoV-2-related. However, the frequency and magnitude of these revisions were not known in 
advance. 

The second dataset contained all patients admitted overnight to one of the four hospitals in the Auck-
land and Counties Manukau Districts (Kidz First Children’s Hospital, Starship Children’s Hospital, Mid-
dlemore Hospital and Auckland City Hospital) with severe acute respiratory infection (SARI) and who 
tested positive for either influenza or RSV since 2 January 2025. These data were collected by Public 
Health and Forensic Science as part of New Zealand’s sentinel hospital-based SARI surveillance sys-
tem [23,24]. 

Note that the SARS-CoV-2 data are national, while the influenza and RSV data are from a regional 
sentinel surveillance programme. This covers the largest health region in New Zealand with a population 
of around 1.2 million people [21] (i.e. around 23% of the national total) with similar socioeconomic and 
demographic characteristics to the New Zealand population [23]. The different population catchments 
preclude comparisons of the absolute number of cases between SARS-CoV-2 and either influenza or RSV, 
although comparisons in epidemic dynamics, such as the timing of the winter peak, are still possible with 
appropriate caveats. As with many clinical-based respiratory disease surveillance programmes, the data 
relate to cases presenting to the healthcare system with acute respiratory symptoms. In addition, since the 
surveillance is primarily hospital-based, cases are further skewed towards the severe end of the clinical 
spectrum and are not necessarily representative of acute respiratory infections in the wider community. 

Weekly updates to each dataset were provided throughout the 2025 winter season (15 rounds). For 
any given dataset, we refer to the latest date on which data were available as the origin date. The final 
update was received on 23 October 2025 and contained data up to 10 October 2025. From each update 
of the unit record data, we calculated the daily total recorded number of laboratory-confirmed: SARS-
CoV-2 case notifications, new SARS-CoV-2 hospital admissions, new influenza hospital admissions and 
new RSV hospital admissions. 

2.2. Model for trend analysis 
We used a Bayesian P-spline model to quantify the past and current trends in two time series: (i) SARS-
CoV-2 case incidence and (ii) SARS-CoV-2, influenza and RSV hospitalization incidence. The model has 
been described in full elsewhere [5]. In brief, we model the logarithm of the expected value of a time series 
(i.e. cases and hospitalizations) as a smooth function of time, s(t), using a penalized-spline. A penalized-
spline is a linear combination of N basis splines of degree n, Bi,n(t): 

s(t) = 
N
 

i 

bi Bi,n(t), (2.1) 

where bi are the basis spline coefficients. For any time series, we define a system of third-order basis 
splines over regularly spaced knots. We set adjacent knots five days apart—this has previously been 
shown to be a fine enough temporal resolution to capture dynamical effects of SARS-CoV-2 infection 
prevalence time-series data [25]. The system of basis splines extends three knots on either side of the 
time series to prevent edge effects. We assume a second-order random-walk prior on the basis spline 
coefficients: 

bi = 2bi−1 − bi−2 + ui, (2.2) 

where 

ui ∼ N(0, 𝜏 2). (2.3) 

This prior penalizes changes in the first derivative of the smoothed function (i.e. changes to the growth 
rate), with the degree of penalization set by the additional parameter 𝜏 . We assume that time-series data, 
C(t), are negative binomially distributed: 

C(t) ∼ NegBin(es(t) , k), (2.4) 

with an additional parameter k setting the over-dispersion of the data. 
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We fit the model using a No-U-Turns Sampler [26] implemented in RStan [27]. For all model fits, we 

confirmed that all parameters had an R-hat less than 1.02 and an effective sample size greater than 400. 
When fitting the model to the SARS-CoV-2 case and hospitalization time series, we assume uninforma-
tive constant prior distributions for the parameters 𝜏 and k. When fitting the model to influenza and 
RSV hospitalization time series, we assume an informative normally distributed prior distribution for 
both 𝜏 and k, with mean and standard deviation taken as the mean and standard deviation of the poste-
rior distributions of the model fit to SARS-CoV-2 hospitalizations (for the same week of reporting). This 
was done to allow the model to converge when fitting to the shorter influenza and RSV time series. We 
also performed a sensitivity analysis by fitting the model (to the final dataset) assuming the mean of 
the informative prior distribution for 𝜏 was 0.5 or 2 times the posterior distribution of the model fit to 
SARS-CoV-2 hospitalizations. 

For weekly reporting, the Bayesian P-spline models were fitted to each dataset as received in real 
time over the course of the season. The Bayesian P-spline model was fitted to the previous three years 
of data (up to the last day of data available in real time) for SARS-CoV-2 cases and hospitalizations. The 
model was fitted to the entire continuous time series for influenza and RSV hospitalizations (first day of 
available continuous data was 2 January 2025, until last day of data available in real time). When fitting 
the model to SARS-CoV-2 case time series, we additionally account for day-of-the-week effects in the 
time series (see [5]). As a sensitivity analysis, we also fit the Bayesian P-spline model to the final dataset 
for SARS-CoV-2 cases, but only including data up to the final day of data received in real time. This was 
done to evaluate the effect of data revisions on real-time estimates. 

2.3. Forecasting model 
For the forecasting model, we assume that the time-dependent reproduction number, Rt, follows a zero-
mean Gaussian process in log-transformed space: 

ln(R t) ∼ GP 
 
0, k(t, t) 

 
. (2.5) 

We use the Matern 5/2 covariance function defined by 

k(t, t) = 
s2 
0 2

−3∕2 

Γ(5∕2) 


√ 
2𝜈t − t 

l 

5∕2 

K5∕2 


√ 
5t − t 
l 

 

, (2.6) 

where s0 is the signal standard deviation, l is the correlation time scale and K𝜈 is the modified Bessel 
function of the second kind and order 𝜈. To implement the Gaussian process model, the value of ln(Rt) is 
drawn conditional on the known values of ln(Rs) for s = 0, … , t − 1 using the method described in [28], 
with Gaussian observation noise with standard deviation sn. 

We assume the number of new daily infections It on day t follows the Poisson renewal process: 

I t ∼ Poiss 

 

R t 

m g
 

s=1 

gs I t−s 

 

, (2.7) 

where gs is the probability mass function for the generation interval (s = 1, … , mg) and mg is the maximum 
generation interval. 

The expected number of infections with a report date on day t (Zt) and the expected number of infec-
tions with a hospital admission date on day t (Ht) are calculated via forward convolutions: 

Z t = 
mr
 

s=0 

us I t−s, (2.8) 

H t = 
mh
 

s=0 

vs I t−s, (2.9) 

where us and vs are the probability mass functions of the distribution of time from infection to reporting 
and time from infection to hospital admission, respectively, and mr and mh are their respective maximum 
values. 
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We assume that the case–hospitalization ratio Pt on day t follows a Gaussian random walk in log-

transformed space with fixed variance 𝜎2
P

 : 

ln(P t+1) ∼ N(ln(P t), 𝜎 2 
P). (2.10) 

Although this assumption effectively restricts how rapidly the case–hospitalization ratio can change, we 
found it to be reasonable based on previous data on SARS-CoV-2 cases and hospitalizations for the past 
12 months (noting that this excluded periods in which there were major changes in testing programmes, 
age-dependent contact rates or vaccination rates, which could drive a more rapid change in Pt). We also 
monitored the estimated value of Pt and associated model fit throughout the season (see §3). 

We assume that the observed number of cases, Ct, and new hospital admissions, At, on day t are drawn 
from conditionally independent negative binomial distributions (parametrized by mean and dispersion): 

Ct ∼ NegBin 
 
pc 𝜔 c,t Zt, k c 

 
, (2.11) 

A t ∼ NegBin 
 
pc 𝜔 h,t Pt H t, kh 

 
, (2.12) 

where pc is the proportion of infections that are reported as cases (assumed to be fixed) and 𝜔c,t and 𝜔h,t 

are day-of-the-week effects for reported cases and hospital admissions, respectively. Note that the latent 
variables Zt and Ht include all infections, whereas the observed variables Ct and At represent the subset 
of infections that were reported as cases or hospitalized, respectively. The case ascertainment ratio pc 
is non-identifiable from the data, and so we set pc = 1. This means that the latent variable It should be 
interpreted as the daily incidence of new infections that will eventually be reported as cases, as opposed 
to the actual number of infections, which is unknown. In reality, case ascertainment could vary over time, 
which could affect forecast performance. However, as surveillance effort over the season is consistent, 
we believe variations in case ascertainment are likely to be relatively small and to occur slowly relative 
to the time scale for a seasonal epidemic and the forecasting time horizon of 28 days. 

Equations (2.11)–(2.12) define a likelihood function for a given observed value of Ct in terms of 𝜔c,tZt 

and for a given observed value of At in terms of 𝜔h,tPtHt. Note that the model includes the flexibility to 
specify either or both of these distributions as a Poisson distribution by setting the relevant dispersion 
parameter k = ∞. 

We estimate the day-of-the-week effects, 𝜔c,t and 𝜔h,t, directly from the data via 

𝜔∗,t = 
7 
∑ 

s=t mod 7 X̃ s 
∑ 

t X̃ t 
, (2.13) 

where ̃ Xt is the relevant observed quantity (either reported cases for 𝜔c,t or hospital admissions for 𝜔h,t) 
on day t. The summations are taken over an integer number of weeks leading up to the origin date, 
up to a maximum of 16 weeks, depending on how much past data are available. This assumes that 
the day-of-the-week effects are constant over this time period, which may not always be the case. One 
alternative would be to fit a time-varying day-of-the-week effect model. However, we decided not to do 
this as it would introduce substantial additional complexity and would risk masking real epidemic trends 
by subsuming them into fitted day-of-the-week effects. Another alternative would be to ignore day-of-
the-week effects completely, or aggregate data to weekly periods. However, this would lose important 
information and compromise the model’s ability to pick up on short-term changes in the epidemic trend. 

For details of the initialization and fitting method, see supplementary material, §S1. Parameter values 
used in the model are listed in table 1. The parameters for the generation interval and delay distributions 
were estimated from the literature (see supplementary material, §1.3 for details). The parameters of the 
Gaussian process s0 and l, and the observation noise parameters kc and kh were calibrated manually to 
achieve a good visual model fit. In principle, these parameters could be inferred from the data with 
suitable uncertainty. However, we chose not to do this due to the need to balance model complexity with 
computational limitations for real-time deployment. The parameter PCV is for initialization purposes only 
and does not affect model fit or forecasts, provided that the model is run for a sufficient time period. 

We evaluated probabilistic forecasts y against subsequently observed data yobs using the continuous 
ranked probability score (CRPS), defined as 

CRPS 
 
y, y obs 

 
=  

∞

−∞ 

 
F(y) − 𝕀 

 
y > y obs 

2 
dy, (2.14) 
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where F(y) is the cumulative distribution function for the forecast and 𝕀(.) denotes the indicator function. 
CRPS was calculated numerically using 2000 randomly selected particles. The CRPS was calculated on 
log-transformed values so that it can be interpreted as a measure of relative rather than absolute error in 
forecast counts [29]. 

Table 1. Table of forecasting model parameter values. Parameters shown as 𝜇 ± 𝜎 show the mean (𝜇) and standard deviation (𝜎) of 
the assumeddistribution. Note that the model nominally assumes pc = 1 (meaning that all modelled infections are eventually reported 
as cases), but this parameter does not affect model output for observed variables (daily cases and hospital admissions), only for the latent 
daily infection variable It , which we treat as being identifiable only up to multiplication by an unknown case ascertainment ratio, which 
we assume to be constant. 

SARS-CoV-2 Influenza RSV 

pathogen-specific parameters 
....................................................................................................................................................................................................................... 

generation interval 3.3 ± 3.5 days 2.6 ± 1.3 days 7.5 ± 2.1 days 
....................................................................................................................................................................................................................... 

time from infection to reporting 6.3 ± 3.1 days - -
....................................................................................................................................................................................................................... 

time from infection to admission 6.3 ± 3.7 days 3.6 ± 2.1 days 6.9 ± 2.7 days 
....................................................................................................................................................................................................................... 

pathogen-independent parameters 
....................................................................................................................................................................................................................... 

maximum generation interval mg = 15 days 
....................................................................................................................................................................................................................... 

maximum time from infection to reporting mr = 25 days 
....................................................................................................................................................................................................................... 

maximum time from infection to admission mh = 25 days 
....................................................................................................................................................................................................................... 

Gaussian process signal s.d. s0 = 0.1 
....................................................................................................................................................................................................................... 

Gaussian process autocorrelation time scale l = 30 days 
....................................................................................................................................................................................................................... 

Gaussian process observation noise s.d. sn = 0.001 
....................................................................................................................................................................................................................... 

probability of infection being reported pc = 1 
....................................................................................................................................................................................................................... 

dispersion parameter for observed daily cases kc = 25 
....................................................................................................................................................................................................................... 

dispersion parameter for observed daily admissions kh = 25 
....................................................................................................................................................................................................................... 

coefficient of variation of the initial case–hospitalization ratio PCV = 0.025
....................................................................................................................................................................................................................... 

The code used to produce the results in this article is publicly available [30]. 

3. Results 
We begin by summarizing the overall epidemic trends of SARS-CoV-2, influenza and RSV as seen ret-
rospectively in the full season’s data (§3.1). Then we describe the real-time weekly reporting that we 
carried out throughout the season (§3.2) and evaluate the performance of trend estimates and forecasts 
made in real time against subsequently available data (§3.3,3.4). 

3.1. Overall epidemic trends 
SARS-CoV-2 cases began increasing in New Zealand from April 2025 (figure 1). Cases increased until late 
June/early July when a peak in modelled cases (i.e. the expected number of daily cases excluding day-
of-the-week effects) was reached (approximately 28 cases per day). Cases decreased for approximately 
two weeks before stabilizing, following a small resurgence in the epidemic growth rate from mid-July. 
SARS-CoV-2 cases were then stable until mid-August, before declining until the end of the study period 
(October). SARS-CoV-2 hospitalizations exhibited broadly similar temporal dynamics to SARS-CoV-2 
cases (figure 2). The rise in SARS-CoV-2 cases and hospitalizations coincided with an increase in the 
proportion of genomically sequenced cases that were due to the NB.1.8.1 lineage, which increased from 
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low levels in early May to around 90% by the end of July [31]. This introduction of a new variant with 
a transmission advantage over established variants potentially contributed to overall growth in SARS-
CoV-2 epidemic activity. 

Figure 1. Modelled trends in SARS-CoV-2 cases fitted to full season data. (A) Daily SARS-CoV-2 cases (points) and modelled trends (i.e. 
the expected value of the time series) in SARS-CoV-2 cases using a Bayesian P-spline model, including a day-of-the-week effect (line 
and shaded region). (B) Modelled trend in SARS-CoV-2 cases (with day-of-the-week effect removed yet still included in the model). 
(C) Growth rate inferred from the modelled trend in SARS-CoV-2 cases (with day-of-the-week effect removed). The dashed line indicates 
a growth rate of zero, reflecting the threshold between epidemic growth or decline. For all panels, we include the model posterior 
distribution’s median (line) and 50% and 95% credible intervals (dark shaded and light shaded regions). 

There were two peaks in influenza hospitalizations over the course of the season: one in late June; 
and one in mid-September. There was only one peak in RSV hospitalizations, occurring in early July. It 
is not clear when the modelled daily number of influenza and RSV hospitalizations began increasing 
(i.e. growth rate greater than 0) due to the low daily numbers of outcomes in these time series and the 
resulting high level of uncertainty estimated by the statistical smoothing model for the time when the 
growth rate became positive. Modelled trends in influenza and RSV hospitalizations were sensitive to 
the assumed prior distribution for the parameter controlling the smoothness of the second-order random 
walk, 𝜏 . When the mean of the prior distribution for 𝜏 was greater (i.e. less smooth), the model estimated 
sharper changes in the growth rate and wider credible intervals (see supplementary material, fig. S1). 
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Figure 2. Modelled trends in hospitalizations fitted to full season data for: (A) SARS-CoV-2; (B) influenza; and (C) RSV. In the top panel 
for each pathogen, we plot the daily number of hospitalizations (points) and modelled trend (i.e. the expected value of the time series) 
in hospitalizations (line and shaded regions) using a Bayesian P-spline model that does not include a day-of-the-week effect. In the 
bottom panel for each pathogen, we plot the growth rate inferred from the modelled trend in hospitalizations. The dashed line indicates 
a growth rate of zero (the threshold between epidemic growth or decline). For all panels, we include the model posterior distribution’s 
median (line) and 50% and 95% credible intervals (dark shaded and light shaded regions). 

3.2. Real-time reporting 
We analysed case and hospitalization time series in real time during the 2025 season, producing 15 reports 
for distribution to the New Zealand Ministry of Health and Te Whatu Ora Health New Zealand from 
6 June (Report 1) to 3 October 2025 (Report 15). Each report presented estimates of past and current 
trends in cases and hospitalizations—including estimates of growth rates, doubling/halving times and 
the probability that the growth rate was greater than zero (cases/hospitalizations growing)—and, where 
available, 28-day ahead forecasts. An example report (Report 6, produced on 1 August 2025) is included 
in supplementary material, §S3. We chose Report 6 because earlier reports did not include forecasts as 
these were being developed and tested on previous season’s data. Owing to reporting delays, the results 
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in this report were based on data up to 27 July 2025 for SARS-CoV-2 and 19 July 2025 for influenza and 
RSV. Forecasts show a 28-day time horizon from these respective origin dates. 

Figure 3. Modelled trends in SARS-CoV-2 cases reported in real time over the course of the season. (A) Modelled trends in SARS-CoV-
2 cases including day-of-the-week effect (lines and shaded region). (B) Modelled trends in SARS-CoV-2 cases with day-of-the-week 
effect removed (lines and shaded region). (C) Growth rate (lines and shaded region) inferred from the modelled trend in SARS-CoV-2 
cases (with day-of-the-week effect removed). For all panels, real-time estimates (coloured lines and shaded regions) are compared to 
95% credible intervals of end-of-season estimates (black dashed lines). For all real-time estimates (coloured by round), we include the 
model posterior distribution’s median (line) and 50% and 95% credible intervals (dark shaded and light shaded regions). We include 
the real-time model estimates up to the final day of data (for periods greater than the previous round’s final day of data). In (A) and (B), 
the daily SARS-CoV-2 cases for the final end-of-season dataset (black points) and the daily SARS-CoV-2 cases in the real-time datasets 
(points coloured by round) are connected by lines to highlight revisions to data used in real-time analyses. For example, during the 
fourth round (first pink) there are visible pink data points connected directly to the black end-of-season data; the data in pink represent 
the data available when models were estimated and the data were revised upwards in the following round where they matched the 
end-of-season data. Note that when coloured points (and connecting lines) cannot be seen, then there have been no revisions to the 
data. When a coloured point can be seen and is the same colour as the real-time estimate for the same period (and connected directly 
to a black data point), it indicates that the number of cases for a specific day was revised (upwards in most instances) in the following 
round of data, but was not revised in any further rounds of data. 

3.3. Evaluation of real-time estimates of past and current trends 
We compared estimates made in real time over the course of the season to final end-of-season estimates 
made with data available after season reporting had finished (final data received 23 October 2025). Real-
time estimates of trends in SARS-CoV-2 cases showed good agreement with the end-of-season estimate, 
with overlapping 95% credible intervals (figure 3). The largest disagreements between real-time and 
end-of-season estimates were observed in late July (Reports 5–7), when real-time estimates suggested 
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epidemic activity was decreasing faster than estimated at the end of the season. During this period, 
there was a transient increase in the epidemic growth rate. There were also substantial revisions to the 
data received in real time (counts were revised upwards in the following week’s data) (figure 3 and 
supplementary material, fig. S3), which biased our real-time estimates downwards (see supplementary 
material, fig. S2). 

Figure 4. Modelled trends in hospitalizations reported in real time over the course of the season. Modelled trends in hospitalizations are 
shown for (A) SARS-CoV-2; (B) influenza; and (C) RSV. For each pathogen, we plot: (top panels) modelled trends in hospitalizations (lines 
and shaded region) and (bottom panels) growth rate (lines and shaded region) inferred from the modelled trend in hospitalizations. For 
all panels, real-time estimates (coloured lines and shaded regions) are compared to 95% credible intervals of end-of-season estimates 
(black dashed lines). For all real-time estimates (coloured by round), we include the model posterior distribution’s median (line) and 
50% and 95% credible intervals (dark shaded and light shaded regions). We include the real-time model estimates up to the final day 
of data (for periods greater than the previous round’s final day of data). The daily number of hospitalizations for the final end-of-season 
dataset (black points) and the daily number of hospitalizations in the real-time datasets (points coloured by round) are connected by 
lines to highlight revisions to data used in real-time analyses. Note that when coloured points (and connecting lines) cannot be seen, 
then there have been no revisions to the data. Note that for SARS-CoV-2 hospitalizations some data were revised in multiple rounds, and 
so many points can be seen for the same time point. 

Real-time estimates of expected SARS-CoV-2 hospitalizations were higher than the end of season 
estimate for most rounds of reporting (figure 4). This was probably due to significant revisions to data 
(supplementary material, fig. S4) made over the entire study period (e.g. data available in the first round 
of reporting were revised multiple times over the study period). RSV and influenza hospitalization data 
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were far more stable, with fewer revisions made to the data (and data for a single date revised at most 
once). Accordingly, real-time estimates of expected hospitalizations and their trends for influenza and 
RSV showed greater agreement with end-of-season estimates (compared to SARS-CoV-2). The greatest 
disagreement was observed close to the peaks in hospitalizations, where real-time estimates suggested 
epidemic activity was continuing to increase. However, the lower credible intervals of these estimates 
were still captured within the end-of-season estimates. 

Figure 5. In-season 28-day ahead forecasts (coloured lines and bands) alongside subsequently observed data (black points) for (a) 
daily SARS-CoV-2 cases; (b) daily SARS-CoV-2 hospitalizations; (c) daily influenza hospitalizations; (d) daily RSV hospitalizations. Each 
coloured block shows a forecast generated at a specific origin date (shown by the vertical dashed lines), showing the posterior median 
(line) and 50% and 95% credible intervals (dark shaded and light shaded regions). 

3.4. Evaluation of real-time 28-day ahead forecasts 
To evaluate forecast performance, we compared 28-day ahead forecasts produced for weekly origin dates 
(20 rounds from 4 May 2025 to 14 September 2025) against subsequently available data for the whole 
season (figure 5). For ease of visualization, figure 5 shows every fourth round so that the forecast periods 
do not overlap in time; supplementary material, figs. S6–S9 show forecasts for all rounds. 

At the beginning of the season, SARS-CoV-2 forecasts were slow to pick up the increase in epidemic 
activity, and the early forecasts (e.g. blue blocks in figure 5a,b) underestimated subsequent data, although 
the data mostly fell within the 95% credible interval. For the remainder of the season, forecasts captured 
the data reasonably well, with the exception of a few rounds where the forecast systematically under-
estimated or overestimated the data (e.g. purple block in figure 5a). However, overall interval coverage 
properties were good, with 99.5% of data points for cases and 97.7% for hospitalizations falling within 
the 28-day ahead forecast 95% credible intervals (see supplementary material, table S1). An example set 
of model outputs for SARS-CoV-2 including latent variables, is shown in supplementary material, fig. 
S5. This shows that the model provided a good fit to training data and the estimated case–hospitalization 
ratio Pt varied little over the relevant time period. 

Influenza forecasts (figure 5c) performed reasonably well, with good interval coverage throughout 
the season (99.6% of data fell within the 28-day ahead 95% credible intervals (see supplementary ma-
terial, table S1)), although with wider credible intervals (compared to SARS-CoV-2). This is probably a 
consequence of the relatively small numbers of influenza hospitalizations in the data (recalling that in-
fluenza and RSV data were obtained from a regional sentinel surveillance programme, and so are not 
comparable with SARS-CoV-2 data). For the 29 June origin date (yellow block in figure 5c), which was 
around the peak in influenza activity, the forecast exhibited very wide credible intervals and somewhat 
overestimated subsequent data. The following week’s forecast (yellow block in supplementary mate-
rial, fig. S8b) provided a better prediction of the subsequent trend. Previous analyses have found that 
respiratory disease forecasts tend to perform worse and/or have high uncertainty near to the epidemic 
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peak [32]. However, although this was true of some of our forecasts, it was not universally true of all 
forecasts near the peak (see supplementary material, figs. S6–S9), potentially because these peaks were 
quite gradual with relatively modest rates of growth and decay and high levels of noise in the data. 

Figure 6. Mean CRPS at different forecast horizons for each of the forecast targets: (a) SARS-CoV-2 cases; (b) SARS-CoV-2 hospitaliza-
tions; (c) influenza hospitalizations; (d) RSV hospitalizations. CRPS values were calculated on log-transformed data and averaged over 
all rounds for a given forecast horizon. The value for mean CRPS shown in the text above each panel shows the CRPS averaged over all 
rounds and forecast horizons for that target. 

RSV forecasts (figure 5d) also performed well at predicting the trend and displayed good interval 
coverage (98.2% of data fell within the 28-day ahead 95% credible intervals; see supplementary material, 
table S1). The 95% credible forecast intervals almost always included zero, reflecting the high frequency 
of zero counts throughout the relevant time period. RSV forecasts tended to be less sensitive to short-
term fluctuations in the data compared to SARS-CoV-2 and influenza, probably due in part to its longer 
generation interval. 

Figure 6 shows the mean CRPS for each forecast target as a function of the forecast time horizon, 
averaged over all rounds. The CRPS can be interpreted as a measure of the relative difference between the 
probabilistic forecast distribution and the subsequent data point; that is, a smaller CRPS indicates better 
forecast performance. For most forecast targets, there was an increasing trend of mean CRPS with time 
horizon, indicating that as expected, forecasts tended to perform worse as the time horizon increased. 
Overall, the forecasts for SARS-CoV-2 cases (figure 6a) had the best CRPS (mean 0.25). The forecast for 
SARS-CoV-2 hospitalizations (figure 6b) had a higher CRPS (mean 0.39) and showed signs of weekly 
periodicity with spikes at time horizons of 3, 10, 17 and 24 days. This could be due to a day-of-the-week 
effect that was not fully captured by the model, or due to historical revision of data primarily occurring 
on the same day of the week. Influenza had the worst CRPS of the four targets (mean 0.45), while RSV was 
intermediate (mean 0.32). The fact that forecast coverage was somewhat higher than the nominal interval 
coverage at the 50% and 95% levels for all four targets (see supplementary material, table S1) suggests 
that the forecast model is overly conservative in its uncertainty quantification, which will contribute to 
poorer CRPS scores. 

4. Discussion 
We have presented the methods and results of a 2025 New Zealand winter situational assessment pro-
gramme for SARS-CoV-2, influenza and RSV. This was the first year of the programme; prior to 2025, New 
Zealand lacked capacity for real-time model-based situational assessment and forecasting for seasonal 
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respiratory diseases. This programme complements traditional surveillance of respiratory disease [24] 
by improving our ability to interpret and predict epidemiological trends in real time. 

Our forecasts and estimates of current trends performed reasonably well overall, but were worse dur-
ing periods of rapid change in the epidemic growth rate. This was not a surprising finding. Both models 
used in our analyses are fundamentally designed to estimate the current trend in the data; the forecast 
model assumes that this trend continues into the near future, with some gradual reversion to a prior dis-
tribution for the effective reproduction number over time. As a consequence, our models cannot predict 
trends before they start to become apparent in the data. While the two models had different objectives 
and are not directly comparable, they were often in broad agreement on the direction of epidemic trends 
(i.e. growing or declining). Small disagreements were observed between the models for SARS-CoV-2 
cases in early June; central estimates of the growth rate were greater than zero, but central estimates of 
the forecasts predicted decreases in cases. However, the uncertainty in both model estimates led to sub-
stantially overlapping credible intervals, resulting in a relatively consistent epidemiological picture or 
assessment. 

Estimates of current trends in SARS-CoV-2, influenza and RSV made by the trend analysis model 
during 2025 will have been influenced by trends in SARS-CoV-2 data from previous seasons. The model 
used for trend analysis penalizes changes in the epidemic growth rate, with the degree of penalization 
set by a parameter (𝜏 ). As such, estimates of current trends are sensitive to the value of 𝜏 . The models fit 
to SARS-CoV-2 cases, and hospitalizations estimated 𝜏 from the previous three years of SARS-CoV-2 data 
and, therefore, estimates will have been influenced by the epidemic dynamics (or the degree to which the 
growth rate varies over time) over this time period. For influenza and RSV hospitalizations, we only had 
access to less than one year of data, and therefore assumed an informative prior for 𝜏 (and the overdis-
persion in the negative binomial distribution) to achieve model convergence. These informative prior 
distributions were based on posterior distributions from the model fit to SARS-CoV-2 hospitalizations, 
which may not be indicative of the expected dynamics for influenza and RSV. In future years, as more 
data for influenza and RSV hospitalizations become available, we will aim to estimate all parameters for 
each pathogen individually. 

Our models are likely to be biased when substantial revisions occur to data received in real time rela-
tive to the final data. SARS-CoV-2 cases recorded in the most recent week of data were regularly revised 
upwards in the following round of data (and influenza and RSV hospitalizations to a lesser extent). This 
probably biased estimates of current trends and forecasts downwards, but estimates of past trends would 
have been less affected. By contrast, SARS-CoV-2 hospitalizations were revised frequently, with the same 
day of data often revised over multiple rounds, biasing estimates of past, current and future trends. Sta-
tistical methods could be developed to quantify revisions in hospitalization or case counts over time. 
Existing methods rely on having sufficient data about when and how many counts are revised (i.e. two 
date variables, one for the date of occurrence and one for the date of receipt). Our methods could correct 
for the expected degree of revision in future seasons based on the 15 rounds of data received in 2025. For 
example, this could be done by fitting a model for the probability P(n, m, s) that the final count for a given 
date t is n given that the observed count is m, according to data available at time t + s. This would enable 
these changes and associated uncertainty to be accounted for when estimating epidemic trends in real 
time, as has been done elsewhere [33]. However, we did not have sufficient information to perform such 
an analysis in advance of the 2025 season because we only had access to a single dataset for previous 
seasons, with no information on how those data would have been received and revised in real time. 

The timing of peaks in epidemic activity of respiratory pathogens may be affected by school holidays, 
which have been estimated to reduce transmission of seasonal respiratory diseases [34]. School holidays 
in New Zealand ran from 28 June to 13 July 2025, and peaks in SARS-CoV-2 cases and influenza and 
RSV hospitalizations occurred around this period. School holidays can affect both transmission (by al-
tering contact patterns) as well as testing and healthcare-seeking behaviour, which will influence case and 
hospitalization time series. Without more detailed data on behaviour [35] or underlying infection levels 
(as opposed to cases) [36], we cannot disentangle the underlying reasons for these changes. It is also pos-
sible that similarly timed peaks would have occurred irrespective of school holidays due to depletion of 
the susceptible population. 

In 2025, an extended influenza season was experienced in southern hemisphere countries, including 
New Zealand, driven by the emergence of the antigenically distinct subclade K of influenza A/H3N2. 
Genomic data indicate that this virus was probably seeded into New Zealand from Australia in August 
2025 [37] and caused influenza activity to continue into November and December at unusually high 
levels for the time of year. At the same time, northern hemisphere countries experienced unusually early 
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influenza activity as a result of the same variant [38,39]. Our results showed an increase in influenza 
activity in the last few weeks of our analysis (early September). However, most of the subclade K-driven 
influenza activity in New Zealand occurred after our regular analysis and reporting had ended for the 
season. 

In future seasons, we aim to build on the platform established by this work. Objectives for future work 
include expanding the hub approach to include more forecasting models and reporting an ensemble fore-
cast; developing statistical methods to account for revisions to data received in real time; expanding the 
types of analysis reported, for example to include the size and timing of the epidemic peak as explicit 
forecast targets; and incorporating national data on influenza hospitalizations from the National Mini-
mum Dataset [40]. The ACEFA forecasting hub also runs a winter situational assessment programme for 
Australian states and territories, providing weekly reports comparable to those described here for New 
Zealand (e.g. [41,42]). We are working towards producing a combined trans-Tasman weekly report cover-
ing both countries, subject to data sharing and confidentiality agreements. This would enable the timely 
exchange of surveillance intelligence between Australia and New Zealand and build joint capability in 
real-time epidemic analytics for public health partners. 

Ethics. This work did not require ethical approval from a human subject or animal welfare committee. 
Data accessibility. Data and relevant code for this research work are stored in GitHub: http://github.com/michaelpl 
anknz/ACEFA-NZ-winter-SAP-2025 and have been archived within the Zenodo repository [43]. 
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