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ABSTRACT
Dengue fever outbreaks impose a severe healthcare burden in Vietnam; therefore, the development of a Dengue early warning 
system is key to improve public health planning and mitigate this burden. This study assesses the ECMWF medium-range (up 
to 10 days) forecast skill for relative humidity in Vietnam—a key factor for vector-borne disease transmission—in re-forecasts 
between 2001 and 2020. Analysis focused on the rainy season (May–October) with ERA5 reanalysis as a reference dataset. Re-
forecast data were pre-processed using a lead-time dependent quantile mapping technique to reduce the bias between forecasted 
and observational data, and skill was assessed using climatology and persistence as a reference. Rank histograms showed that 
the humidity forecast is reliable up to 10 days, and continuous ranked probability skill score (CRPSS) values show that the fore-
cast is more skilful than the climatology up to 10 days. Nonetheless, when using persistence as a reference, CRPSS values are 
lower in South Vietnam, which was associated with the inaccurate representation of 2 m dew point temperature in the tropical 
regions, and the fact that persistence is a hard reference to beat in the tropics, hindering model forecast skill. Results from this 
study demonstrate that ECMWF ensemble forecasts of relative humidity are suitable to use as inputs for a Dengue early warning 
system up to 10 days in advance.

1   |   Introduction

1.1   |   Motivation

Dengue fever is transmitted by the mosquito Aedes aegypti and it 
is considered the fastest spreading tropical disease in all the con-
tinents (Bhatt et al. 2013; Do et al. 2014). This disease produces 
mild illness and it can occasionally turn into a life-threatening 
disease (Brunette 2017; Trinh et al. 2018). In endemic areas, sea-
sonal outbreaks of this disease are able to overwhelm health ser-
vices, imposing a huge health, economic, and political burden on 
the affected countries. Additionally, during the last decade the 
range and extension of this disease rose globally and it is expected 

to keep increasing in the future (Anne 2013; Choi et al. 2016; Lee 
et  al.  2017; Ramachandran et  al.  2016). This trend is partially 
linked to the rise of temperatures, rainfall, and humidity associ-
ated with climate change (IPCC 2022; VARCC 2009).

Prior research stated that certain environmental and meteoro-
logical factors affect vector population mechanics and pathogen 
transmission, thus influencing Dengue incidence and spread 
(Cheong et  al.  2013; Chien and Yu  2014; Xiang et  al.  2017; Yu 
et al. 2023). From these variables, temperature, precipitation, and 
humidity showed the strongest link to Dengue incidence (Choi 
et al. 2016; Lee et al. 2017; Ramachandran et al. 2016; Schmidt-
Thome et al. 2015). Nonetheless, this link is non-linear, showing 
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the highest correlations when the temperature, rainfall, and hu-
midity data is lagged between 0 and 3 months (Bett et al. 2019; 
Colón-González et al. 2021; Vu et al. 2014). Additionally, extreme 
weather events such as heat waves or floods also influence the size 
and duration of Dengue outbreaks, as they directly affect Aedes 
aegypti development/growth. For example, high precipitation 
creates bodies of water in which Aedes aegypti can lay their eggs, 
but extreme rain can flush their eggs away and reduce Dengue in-
cidence. By contrast, high temperatures usually favour Aedes ae-
gypti development, but if they are high enough, it increases Aedes 
mortality (Nosrat et al. 2021; Yang et al. 2009).

Thus, due to the non-linear link between meteorological variables 
and Dengue incidence, having reliable and accurate weather 
forecast data is key to the development of an early warning sys-
tem that can provide useful information for healthcare planning 
and decision-making for mitigating the burden of this disease.

Prior studies developed Dengue incidence prediction models 
combining weather variables and epidemiological data (Colón-
González et  al.  2021; Nguyen et  al.  2022; Weyn et  al.  2021). 
In Vietnam, there is an operational Dengue prediction model 
called D-MOSS (Colón-González et al. 2021), which provides a 
seasonal Dengue incidence forecast in a regional scale by com-
bining observational data and seasonal predictions from the 
model Global Seasonal Forecast System v5. However, there is 
a need for a district scale forecast of Dengue as interventions 
to mitigate Dengue outbreaks in Vietnam are mostly done on a 
local-district scale (Ho Chi Minh City Party Committee 2025).

Dengue Advanced Readiness Tools (DART) is a project funded 
by the Wellcome Trust whose goal is to develop an early Dengue 
outbreak warning system in Vietnam on a district scale, aiming 
to produce Dengue incidence forecasts at a district scale combin-
ing weather forecast data between 10 and 14 days in advance with 
high resolution disease data. One of the first steps of DART is to 
perform an evaluation of the European Centre for Medium-Range 
Weather Forecast (ECMWF) weather forecast data for Vietnam.

Prior studies in DART (Main et  al.  2024) showed that the 
ECMWF weather forecast model is skilful at predicting sur-
face temperature and precipitation up to 10 days in advance in 
Vietnam when using either persistence or climatology as a ref-
erence. Nonetheless, the prior study did not include humidity, 
which is a key variable in vector-borne disease transmission 
(Bouzid et al. 2014; Brown et al. 2023; Githeko et al. 2008) as it 
affects the degree of mosquito moisture stress, which can either 
increase or dampen the effects of very high or low temperatures 
in pathogen transmission (Brown et al. 2023; Bouzid et al. 2014; 
Githeko et al. 2008; Pérez-Díaz et al. 2012).

Thus, the goal of this study is to complement the results from 
Main et al. (2024) and assess the skill of the ECMWF weather 
forecast model for relative humidity.

1.2   |   Link Between Vietnam Climate 
and Dengue Fever

The Asian continent's climate and weather is deeply influ-
enced by the Asian monsoon circulation, which is a multi-scale 

phenomenon caused by the uneven seasonal heating between 
the Eurasian continent and its adjacent oceans. Between May 
and October, the monsoon brings heavy rain over south and 
east Asia and dry and hot air in the north and west of the Asian 
continent. Conversely, between November–April the mon-
soon produces heavy rains over Indonesia, northern Australia 
and South Pacific convergence zones (Bombardi et  al.  2020; 
Buckley et  al.  2014; Clift and Plumb  2008; Neelin  2007; 
Wang 2006).

Vietnam is located at the south–south-east part of the Asian con-
tinent, with an area of 331.000 km2 and a latitudinal extension 
of 1650 km. Apart from the influence of the Asian monsoon, the 
weather and climate in Vietnam are also affected by the local 
topography and the great latitudinal length of the country. As 
a result, the weather and climate of Vietnam differ between the 
North and the South; for example, Hanoi (the capital of Vietnam) 
is in the northern region and has a four-season subtropical cli-
mate, with wet summers and relatively cold and dry winters. 
On the other hand, Ho-Chi-Minh city (HCMC), located in the 
southern region, has a two-season tropical climate with marked 
dry and rainy seasons and stable temperatures throughout the 
whole year. In the case of precipitation, nearly 70% of Vietnam's 
precipitation falls in the rainy season (May–October), although 
with slight differences between regions. These weather and cli-
mate conditions favour the development of Dengue outbreaks, 
making Vietnam one of the most vulnerable countries to this 
disease (Yu et al. 2023).

As a result of the non-linear interaction between Dengue and 
weather variables, Dengue activity in Vietnam varies region-
ally and seasonally. In North Vietnam, Dengue incidence is 
mainly seasonal, being the highest during the rainy season 
(May–October) and the lowest during winter. By contrast, 
Dengue is hyper endemic in South Vietnam, reaching its peak 
activity between September and November, and its lowest 
during the dry season (November–April) (Do et al. 2014; World 
Health Organization  2009). In addition, the severity of the 
outbreaks shows high inter-annual variability in both regions 
(Cuong et al. 2011, 2013; Do et al. 2014; Rabaa et al. 2013; Thai 
et al. 2010).

1.3   |   Inclusion of Weather Forecast Data Into 
Dengue Early Warning System

Numerical weather prediction (NWP) models solve geophysical 
fluid dynamics equations for the atmosphere and ocean, pre-
dicting their future state. Weather forecasts up to 10 days can be 
skilful because the forecast is constrained by initial conditions 
(Palmer 2000). Due to the chaotic nature of the atmosphere, be-
yond 10 days the initial conditions are not relevant for forecast 
skill. It is also worth mentioning that the source of skill differs 
between the tropics, subtropics and extra-tropics. For example, 
NWP performance might decrease initially in the tropics com-
pared to subtropics as the convective processes are not well rep-
resented due to the lack of observational data (Main et al. 2024; 
Vogel et al. 2020), although it is also known that forecast skill 
is usually better in the tropics compared to subtropics at sub-
seasonal scale (10–30 days) due to the persistence of the weather 
conditions.
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The early warning Dengue prediction system developed in DART 
consists of a machine learning model trained for predicting 
Dengue incidence at a district level using both meteorological 
(2 m temperature, relative humidity and total precipitation) and 
non-meteorological variables, such as socio-economic and health 
data, as input. The relationship between the input variables and 
Dengue incidence is both non-linear and complex. By integrat-
ing high quality data, including skilful meteorological forecasts, 
into the model, advanced warning of potential outbreaks can 
be given, maximising lead times for mitigation strategies to be 
enacted. The operational version of the model will use weather 
forecast data to predict future Dengue incidence, which will be 
presented to key stakeholders through clear and intuitive be-
spoke visualisations. The structure and integration of the DART 
model pipeline is described in detail in Dasgupta et al. (2025), in 
the latter study, they state that the pipeline: “supports data in-
tegration, enabling incorporation into climate-disease modelling 
applications and more broadly real-time modelling tasks.”

The article is structured as follows: Section  2 provides a de-
scription of the area of study and the datasets applied. Section 3 
describes the bias correction technique applied to the forecast 
data and describes the metrics applied to assess forecast skill. 
Section 4 describes the humidity patterns of Vietnam and verifi-
cation results and Section 5 summarises the study and presents 
the conclusions and suggestions for further studies.

2   |   Data and Area of Study

2.1   |   Area and Period of Study

Figure 1 shows the selected study regions, with boundary details 
given in Table 1. Following Main et al. (2024), we selected a do-
main between 100°–110° E and 5°–25° N to represent the whole 
region of Vietnam, with three further sub-areas of decreasing size 
in both north and south Vietnam. In the northern region we have 
North Vietnam, Red River Delta, and Hanoi whereas in the south 
we have South Vietnam, southeastern region (SE), and HCMC. 
Each of the north/south sub-areas contains either Hanoi or 
HCMC so we can explore the difference of skill between regional 
and municipal levels around the cities of study. It is also import-
ant to mention that when we refer to the North/South of Vietnam 
we are referencing the region specified in Table 1, as it includes 
part of the sea and land that are beyond Vietnam's borders.

The period of study chosen for this study is the Vietnam rainy 
season (May–October) between 2001 and 2020 so it is consistent 
with prior DART studies (Main et al. 2024).

2.2   |   Verification Data: ERA5 Reanalysis

ERA5 is the 5th generation of ECMWF reanalysis, and consists 
of the combination of observations in the upper air/near surface 
around the globe with short term forecasts to obtain an accurate 
representation of the state of the atmosphere with global cover-
age (Hersbach et al. 2020). ERA5 data used here has a spatial 
resolution of 0.25° (~28 km) and a temporal resolution of 6 h for 
1940–present. Because of its spatial and temporal completeness, 
ERA5 was chosen as the verification data in this study. Here we 

selected data of daily time step of time 00Z, which corresponds 
to the time after dawn (7 am Vietnamese time) when mosquitoes 
are more active looking for hosts (Main et al. 2024).

The humidity analysed in the study is relative humidity; none-
theless, relative humidity is not available in ERA5, so we esti-
mated it by selecting the variables: 2 m dew point temperature 
(K), 2 m temperature (K), and surface pressure (hPa) and follow-
ing Equation (1) (Wallace and Hobbs 2006).

(1)r =
e
(

Td
)

(

es(T)
)

FIGURE 1    |    Map of the region of Vietnam, highlighting the areas of 
study of Table 1. Black line boxes cover the North and South of Vietnam, 
blue boxes display the Red River Delta (RRD) and Southeast (SE) bound-
aries whereas red regions limit the municipalities located around Hanoi 
and HCMC city, which are located in the red dots.

TABLE 1    |    Geographical limits of the areas of study.

Area Latitude range Longitude range

North Vietnam 20.25°–23.5° N 102°–108° E

Red River Delta 20.5°–21.5° N 105.5°–106.75° E

Hanoi 20.5°–21.5° N 105.5°–106° E

South Vietnam 8.5°–12° N 104.25°–107.5° E

Southeast 10.5°–12° N 106°–107.5° E

HCMC 10.5°–11.25° N 106.25°–107° E
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where r is relative humidity, e(Td) is the saturation vapour pres-
sure for dew point temperature, and es(T) is the saturation va-
pour pressure for the current temperature T.

2.3   |   Re-Forecast Datasets

ECMWF ensemble prediction model is a state-of-the-art NWP 
model with atmospheric, oceanic, land surface, and sea-ice com-
ponents. Re-forecast data used in this study comes from the ver-
sion Cy47r3 of the model, which has an atmospheric resolution of 
TCo639 (~18 km), 91 vertical levels, and uses ERA5 data as initial 
conditions. Full documentation of the configuration and physics 
of the model can be found in the ECMWF integrated forecasting 
system (IFS) documentation (ECMWF 2021a, 2021b, ECMWF 
2023a).

Re-forecasts, also known as hindcasts, are forecasts initialised 
at past dates using the latest version of the model, while avoiding 
the inclusion of future information that might affect the fore-
cast. Unlike the real-time forecasts, the re-forecast keeps the 
same model version for all starting dates, and so it is possible 
to perform an unbiased analysis of the model skill at each start-
ing date.

Here, we used the medium-range re-forecast from the ECMWF 
ensemble forecast hindcast, which was initialised twice per 
week for every Monday and Thursday corresponding to the 
dates of 2021, being the first initialization the 04/01/2001 
and the last one on the 28/12/2020. The reason to choose this 
version of the model is to keep the analysis consistent with 
the prior analysis made by Main et al. (2024) and ensure that 
the skill assessment is done in the same conditions as the 
prior study.

The ensemble has 11 members (10 perturbed ensemble members 
+1 control member), a spatial resolution up to 0.125° (~15 km), a 
forecast length of 10 days with a timestep of 6 h. More informa-
tion about the re-forecast data is available in ECMWF (2021b) 
(Table 1c).

3   |   Methodology and Metrics

3.1   |   Bias Correction Technique

Raw data from the NWP tend to deviate from observations as 
we advance further in the forecast; hence, it is common to post-
process raw NWP forecasts in order to reduce their biases so the 
data can be useful for impact-based forecasting. In the weather 
and forecast community, quantile mapping (QM) techniques 
are one of the most used bias correction techniques as they 
outperform other methods such as shifting or scaling (Azmat 
et  al.  2018; Fang et  al.  2015; Teutschbein and Seibert  2012; 
Worku et al. 2019). In QM, the cumulative distribution function 
(CDF) of the target data is calibrated to the CDF of the reference 
data by interpolating quantile points from target to the verifica-
tion dataset (Cannon et al. 2015). In this study, we used ERA5 
as the verification dataset and the re-forecast as the dataset to 
correct.

For this study we applied QM following the methodology of 
Main et al. (2024), which is defined in Equation (2).

where Xm,p(t) is the forecasted value to be adjusted in time t, 
Fm,p the CDF function of the re-forecast data distribution, Fm,o 
the CDF function of the observation distribution and Xcorrm,p the 
bias-corrected forecast value. The QM correction was done only 
taking into consideration the rainy season (May-Oct) for every 
grid point of the dataset and for each lead time separately. This is, 
we select daily data from the re-forecast corresponding to a spe-
cific lead time (1 to 10), and then apply QM using observational 
data with the same dates that the one contained in the re-forecast, 
this way the QM correction is lead time-dependent. The reason 
to perform the correction only considering the rainy season and 
not the full year is to have a better calibration of the re-forecast 
data for this season. Also, as in Main et al. (2024), when applying 
QM we excluded the target year to avoid the introduction of false 
skill (cross validation).

It is important to highlight that quantile mapping techniques 
assume that the climate is stationary, which is not necessarily 
true. As we are focusing the analysis in a short period (~20 years), 
assuming stationary climate should not be an issue. Also, in 
this study the weather forecast model makes predictions up to 
10 days, and bias with ERA5 is assessed for that 10-day period, 
so we do not expect a considerable drift in that period. As such, 
we consider that each point used to assess bias to be stationary.

Hereafter raw re-forecast data refers to re-forecast data 
straight from the model ensemble, and corrected re-forecast 
data refers to data which was post-processed using the QM 
technique.

3.2   |   Climatology and Persistence as Reference 
Forecasts

Using ensemble forecasting for predicting the evolution of a 
continuous variable requires use of probabilistic, continuous 
metrics. In the weather and climate community, forecast skill is 
often compared against a reference forecast. Here, climatology 
and persistence are used as a baseline. A forecast is (relatively) 
skilful compared to the climatology when the forecast can out-
perform the predictive skill of a distribution obtained from com-
bining the observations of prior years. On the other hand, the 
forecast is more skilful than persistence when it outperforms the 
predictive skill of the distribution based on the day before the 
initialization of the forecast.

In order to construct a climatological reference forecast at each 
grid point for each day of the year, we selected daily values from 
ERA5 at each grid point for each year in the study period. Each 
year is considered a single ensemble member, with the target 
year excluded so we can avoid the introduction of artificial skill 
(cross validation).

Persistence, on the other hand, was constructed by using the 
value 1 day prior to the initialization of the re-forecast and it is 

(2)Xcorrm,p(t) = F−1
m,o

{

Fm,p
[

Xm,p(t)
]}
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usually chosen as a reference forecast for short-range forecasts 
(Murphy 1992). However, in tropical climates the weather con-
ditions persist for several days; hence, persistence can be used 
for longer timescales (Bombardi et al. 2020). In order to confirm 
that the weather conditions are sufficiently stable to use per-
sistence as a reference, we measured the temporal autocorrela-
tion of the analysed variables between 1 and 10 days by lagging 
the data against itself and then averaging the value per day.

3.2.1   |   Rank Histogram and Cramér-Von Mises Test

Reliability is a quality of the forecast which measures the de-
gree of statistical consistency between each class of the forecast 
against the observation distribution. A forecast is considered 
reliable when the forecasted probability of observing a specific 
event is in agreement with the real frequency of the event; hence 
the observation and forecast distributions are practically indis-
tinguishable from each other (Hamill 2001).

The reliability of the forecast is tested by constructing the rank 
histogram. This is done by first measuring the rank of the ob-
servation within M + 1 values, M being the ensemble members. 
The frequency of occurrence of each rank is then calculated and 
plotted on a histogram sorted from lowest to the highest rank. 
If the probability of observing each rank in the forecast follows 
a uniform distribution, the forecast is reliable as the ensemble 
forecast has the same variance as the climatology (Hamill 2001). 
On the other hand, deviations from uniformity in the rank dis-
tribution highlight a weakness of the forecast. For example, 
overpopulation of the first/last rank indicates that the forecast 
has a consistent bias and underestimates/overestimates the real 
value of the observation, whereas a U-shaped histogram indi-
cates that the forecast underestimates the observed variability 
(overconfidence). As in Main et al. (2024), the rank histograms 
are tabulated using forecast-observation pairs for each grid 
point within the areas of interest and for each lead forecast day.

The Cramér-von Mises (CvM) test, which is a non-parametric 
goodness of fit test (Cramér 1928; Smirnov 1936), is applied to 
test whether the ensemble from the re-forecasts follows a simi-
lar distribution as the observations. The discrete form of CvM is 
described in Equation (3) (Elmore 2005):

where Z =
∑

oi −
∑

ei, with oi being the observed number of 
counts in bin i, ei the forecasted values in bin i, N the total num-
ber of samples and pi the probability of having an observation 
landing in any cell. The CvM test assumes that the distributions 
are independent, which is not totally true for reanalysis and re-
forecast data, hence, here the test is used to calculate the signif-
icance if they were independent, providing an estimate of the 
lower bound of significance.

3.2.2   |   Continuous Ranked Probability Skill Score

The continuous ranked probability score (CRPS) is a probabi-
listic metric that comes from the generalisation of the ranked 

probability score, and assesses the risk of surpassing a specific 
threshold when these thresholds are continuous (Jolliffe and 
Stephenson  2012). CRPS provides a measure of how good the 
forecasts are in matching observed outcomes, when CRPS = 0, 
the forecast is wholly accurate and when CRPS = 1, the forecast 
is wholly inaccurate. The CRPS is measured as in Equation (4).

where y is the observation, x the forecast and H the Heaviside 
action, which is 0 when x < y, and F the cumulative density func-
tion obtained using ensemble forecast.

The CRPS score obtained from the forecast is compared against 
a CRPS measured using a reference forecast (CRPSref) by way of 
the continuous ranked probability skill score (CRPSS). CRPSS 
assesses whether the forecast skill improves or worsens com-
pared to a reference forecast and is measured by Equation (5).

When CRPSS > 0, the forecast is more skilful than the reference, 
with CRPSS = 1 indicating perfect forecast skill whereas when 
CRPSS = 0 the forecast is as skilful as the reference.

CRPSS was calculated for each grid point for the different lead 
times in order to observe the performance of the forecast in dif-
ferent subsets of the North and South regions of Vietnam.

4   |   Results

4.1   |   Humidity Climatology Patterns in Vietnam

Figure  2 shows the intermonthly percentile distribution for 
relative humidity in North and South Vietnam. Both regions 
show extremely wet conditions, with a mean relative humidity 
of ~90% in the North and between 80% and 90% in the South. 
It is also worth commenting that the interannual variability in 
the northern region is smaller compared to the South, especially 
during the rainy season, where humidity values oscillate be-
tween 85% and 100% for the whole year, whereas the southern 
region manifests some seasonal variability (November–April 
relative humidity often ranges between 65% and 98%, whereas 
between May and October it mainly goes between 80% and 
96%). Dengue incidence is the highest during the rainy season 
(see Section 1.2), which is when we observe the highest values of 
humidity. From now on, all results will focus only on the rainy 
season.

Figure  3 represents the mean relative humidity in Vietnam 
during the rainy season. We observe very wet weather condi-
tions, with values near the saturation limit in most of the country 
(between 85% and 95%) with the exception of the eastern south-
eastern coast of the country, where relative humidity is slightly 
lower (between 75% and 85%). Also, mean humidity is higher 
in the northern region compared to the south, as expected from 
results from Figure 2.

(3)W = N−1
∑k

i=1
Z2jpj

(4)CRPS =

∞

∫
−∞

[

F(x)−H(x−y)
]2
dx

(5)CRPSS = 1 −
CRPS

CRPSref
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Figure  4 shows the lagged autocorrelation of relative humid-
ity during the 10 lead days forecast during the rainy season. 
Results show a high autocorrelation in North Vietnam and Red 
River Delta in lead day 1 (~0.8), decreasing up to 0.6 the 6th 
lead day and then it barely changes until the 10th lead day. In 
Hanoi the autocorrelation follows the previously described pat-
tern, but with slightly lower values. In South Vietnam we start 
with an autocorrelation value of 0.7 on the first lead day, and 
then gradually decrease to ~0.55 by the 10th lead day. By con-
trast, in the Southeast region and HCMC we start with higher 
autocorrelation values (near 0.9 at 1st lead day and near 0.8 by 
the 10th lead day). These results show that relative humidity in 
Vietnam has high autocorrelation and that persistence can be 
used as a reference for forecast skill up to 10 days in advance in 
both regions.

4.2   |   Bias Between Raw Re-Forecast Data 
and ERA5

Figure  5 shows the relative humidity relative bias between 
raw  re-forecast data and reanalysis data for the whole re-
gion  of  Vietnam during the rainy season. In the north-west 
area, the bias is slightly positive (between 0% and 2%) and re-
mains constant with lead time. Near Hanoi, the bias is slightly 
negative at 1st lead day (between −1% and 0%), and this in-
creases with lead time up to −2%. In the central region, there 
is a small positive bias (between 0% and 2%, which remains 
constant until the end of the forecast). In the south–south-east 
region, where HCMC is located, there is a mainly positive bias 
ranging between 3% and 4%, which slightly increases with 
lead time.

FIGURE 2    |    Inter-monthly distribution of relative humidity for north and south Vietnam from ERA5 between 01/01/2001–31/12/2021.

FIGURE 3    |    Mean relative humidity during the rainy season using 
ERA5 data between 2001 and 2020.
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Results from Figure 5 show that in the south and north-west part 
of Vietnam relative humidity is slightly overestimated, whereas 
in the area around Hanoi it is slightly underestimated. The over-
estimation in relative humidity in most of the regions might be 
related to the existence of the cold bias between ECMWF model 
predictions and observations, which was also observed in prior 
studies (Main et  al.  2024; Haiden et  al.  2022). As relative hu-
midity was estimated in this study using surface pressure, 2 m 
dew point, and 2 m temperature, it is possible that lower values 
of temperature might lead to an overestimation of relative hu-
midity, as the air is closer to the saturation rate. It is also worth 
mentioning that areas where the relative humidity bias is the 
highest correspond to mountainous regions (North mountains 
highlands in the north-west of the region and the highland Tay 
Nguyen in central Vietnam).

These results highlight that raw re-forecast data for relative 
humidity does not deviate greatly from observations; none-
theless, even if the bias is low, it is still possible to have an 
unskilful and unreliable forecast. Therefore QM was applied 
to reduce the bias between re-forecast and observations, and 
then we compared the results between raw and calibrated 
re-forecast.

It is also important to highlight that although QM can reduce 
the bias between re-forecast data and the observations, prior 
studies concluded that QM techniques struggle at correcting 
extreme values located at the tails of distribution (Cannon 
et al. 2015; Main et al. 2024). Figure S1 shows the percentile 
bias for relative humidity between corrected re-forecast data 
and ERA5 per different lead times, and we observe that the 

FIGURE 4    |    ERA 5 temporal autocorrelation of relative humidity for the first 10 days of the forecast during the rainy season (May–October). The 
yellow region shows where autocorrelation is no longer significant (using a 95% confidence interval).

FIGURE 5    |    Relative bias of relative humidity between raw re-forecast and ERA5 during the rainy season (May–October).
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percentile bias is the highest for extremely low values of rel-
ative humidity (values between 0 and 5th percentile). On the 
other hand, for extremely high relative humidity (between 
percentiles 95 and 100th), it also shows some bias, although 
it is much smaller compared to the lowest values of humidity, 
and it increases with lead time. Oppositely, percentiles located 
in the middle of the distribution (between percentiles 10 and 
90th), the bias is close to 0.

4.3   |   Rank Histograms

Figure 6a shows the rank histogram for corrected re-forecast 
relative humidity data for several lead days at HCMC (light 
red) and Hanoi (grey), and Figure  6b,c shows Cramér-von 
Mises p values spread during different lead times for HCMC 
and Hanoi. In Figure  6a, histogram data from HCMC show 
a very uniform distribution for the whole forecast period. 

On the other hand, for Hanoi the re-forecast data displays a 
slight tendency to overconfidence in the initialization of the 
forecast (slight overpopulation of first and last rank and rela-
tively lower frequency for intermediate ranks), implying that 
the forecasted values of humidity in Hanoi tend to be lower 
compared to the observations, although as we advance in lead 
time the histogram flattens, and by day 10 the distribution is 
near uniformity.

Figure  6a (and the equivalent raw re-forecast Figure  S2) 
shows that applying the QM correction to the re-forecast data 
flattens the rank histogram and increases the reliability of 
the forecast. The shape of the rank histogram distribution 
from Figure  6 is similar to that observed in fig.  10 of Main 
et  al.  (2024), where the re-forecast of 2 m temperature also 
tended to be slightly overconfident in the region of Hanoi even 
after the QM correction, whereas results in HCMC are closer 
to uniformity.

FIGURE 6    |    Rank histogram distribution (a) of relative humidity in Hanoi (grey) and HCMC (light red) for lead days 1, 4, 7, and 10 and Cramér-
von Mises (CvM) p values spread during different lead times for HCMC (b) and Hanoi (c).
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In Figure 6b,c, we show the p values obtained for the CvM test 
between corrected re-forecast ensemble members for forecast 
lead times 1–10 against observations in HCMC and Hanoi, re-
spectively. In the case of HCMC (Figure  6b), the p values are 
far from the 5% significance level for lead days 1–10. Hanoi 
(Figure 6c) has similar results to HCMC for lead days 1–6, al-
though p values decrease faster. However, for lead days 7–8 the p 
value drops to below the 5% significance level, and by days 9–10 
most ensemble members are above the mentioned significance 
level. This means that in Hanoi, most of the ensemble members 
start deviating from observations after a week, but as the fore-
cast advances some ensemble members “stabilise,” remaining 
similar enough to observations at the 9–10th lead day.

We also performed the CvM test between raw re-forecast ensem-
ble members and observations, but independently of the region 
and lead day p values were always below 0.05 for every lead day 
(not shown).

Hence, re-forecast data corrected with the QM technique 
shows increased reliability compared to the raw data, and this 
is manifested as a smoother and more uniform rank distribu-
tion. Also, after the QM correction in most of the lead times, 
a great proportion of the ensemble members follow a distribu-
tion close to observations up to the 10th forecast lead day, con-
firming that the correction helped to improve the reliability of 
the forecast.

4.4   |   CRPSS

Relative humidity CRPSS for both North and South Vietnam is 
represented in Figure 7 using persistence (red line) and clima-
tology (blue line) as a reference in the land areas of North and 
South Vietnam. See composite CRPSS maps in Figures S3 and 
S4 for values over the ocean, which are excluded here as they are 
not relevant to Dengue prediction and have lower overall scores.

In Figure 7, North Vietnam CRPSS scores using persistence as 
reference start at around 0.5 at 1st lead day, and then gradually 
decrease until they reach values below 0.2 at the 10th lead day. 
In the areas of Red River Delta and Hanoi city, we have the same 
tendency although with higher scores (~0.6 on the 1st lead day 
and 0.2 on the 10th lead day) and less variability. By contrast, 
CRPSS with climatology as a reference shows higher scores in 
all the northern regions, starting with values around 0.7 at the 
1st day of the forecast and decreasing monotonically to 0.6 at the 
10th lead time.

For the South Vietnam region (Figure 7 lower row), the CRPSS 
obtained using persistence shows a low score since lead day 1 
(~0.3), and slightly decreases with time reaching values ~0.2 
at 10th lead time, showing similar results in the Southeast and 
HCMC areas. By contrast, CRPSS obtained with climatology 
as reference in South Vietnam has a higher score and variabil-
ity compared to those obtained using persistence as reference 

FIGURE 7    |    Mean CRPSS for corrected relative humidity for the northern (up) and southern (down) regions of Vietnam during the rainy season. 
The blue/red line shows the CRPSS obtained when using the persistence/climatology as a reference whereas the black dash line shows the lower limit 
in which the forecast is considered skilful.
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(scores start near 0.8 at lead day 1 and finish near 0.6). It is also 
worth noting that, even though the relative humidity forecast 
skill is lower in the southern region, the decrease in skill with 
lead time is considerably slower compared to its northern coun-
terpart for both forecasts of reference. Also, it is interesting to 
note that the variability of CRPSS decreases as we go from big-
ger to reduced spatial areas.

Figure S5 shows the same information as Figure 7, but for the 
raw re-forecast data. There we see that results from Figure S5 
are similar to Figure  7, but with slightly lower skill and in-
creased variability. Hence, QM correction slightly increases the 
skill of the forecast and reduces forecast uncertainty.

It is worth noting that climatology does not work well as a 
reference for relative humidity, as exemplified by the high 
CRPSS scores in both North and South Vietnam (see Figure 7). 
Conversely, CRPSS scores obtained using persistence as a ref-
erence have much lower values compared to those obtained 
with climatology. The high autocorrelation in relative humid-
ity (Figure 4) makes persistence the most challenging reference 
forecast, especially in the southern region. Nevertheless, results 
show that correcting the re-forecast dataset improves CRPSS 
scores up to 10 days in advance, regardless of which reference 
forecast is used.

We also measured the CRPSS variability for relative hu-
midity during different months (Figures  S6 and S7). When 
we use climatology as a reference (Figure  S6), results are 
very similar to Figure 7, with barely any inter-monthly vari-
ability. Conversely, when using persistence as a reference 
(Figure  S7), there is higher inter-monthly variability, and 
results change with regions. In the northern regions, skill is 
higher in September–October and lowest in August–May. By 
contrast, for the southern regions, October and September 
are the months with lowest skill, with CRPSS values reach-
ing 0 by the 10th lead day. May is the month with the highest 
skill: CRPSS values are stable (~0.4) by the 10th lead day. This 
shows that persistence is the hardest reference to beat during 
the rainy season in South Vietnam, as the weather conditions 
in the tropics are much more stable compared to those in the 
subtropics. Hence, we expect that relative humidity forecast 
would be less skilful compared to persistence by the 10th day 
of forecast during the last month of the rainy season in South 
Vietnam. This does not mean that the forecast of relative hu-
midity is unreliable during those months, as it is still much 
more skilful than the climatology (Figure S6), but that it will 
be less skilful than the persistence, which is a hard reference 
to beat in South Vietnam due to the high correlation of humid-
ity in the southern region, as we saw in Figure 4.

The results obtained with CRPSS scores are consistent with 
those obtained by Main et al. (2024) for 2 m temperature; this 
is, the highest skill score is obtained at the beginning of the 
forecast and gradually decreases while still remaining skil-
ful after 10 days. Nonetheless, unlike Main et al.  (2024) who 
showed climatology to be the most challenging reference for 
cumulative precipitation, here we obtained a clear difference 
in skill depending on the reference forecast chosen with per-
sistence being the toughest reference to beat, specially in the 
southern region.

The relative humidity forecast skill is lower in the southern re-
gion (Figure 7), one possibility that explains the difference be-
tween North and South Vietnam is that one of the variables used 
to measure relative humidity may not be well represented in the 
tropics, thus hindering the capability of the model to forecast 
relative humidity. To assess this we analyse CRPSS values for 
each of the weather variables used to derive relative humidity, 
namely 2 m temperature, 2 m dew point temperature and surface 
pressure (see Section 2.2). We focus on the latter two of these 
variables since the 2 m temperature verification is contained in 
Main et al. (2024).

Prior to the calculation of CRPSS for 2 m dew point and sur-
face pressure, we verified that persistence is a valid reference 
for both 2 m dew point and surface pressure by measuring the 
autocorrelation across different lead times in the same manner 
as Figure 4 (Figure S8). In that Figure S8, we observe that au-
tocorrelation values across the two variables are greater than 
0.75; hence, both surface pressure and 2 m dew point have 
high enough autocorrelation to use persistence as a forecast of 
reference.

Figure 8 shows the CRPSS score for surface pressure for all re-
gions of study using persistence and climatology as reference. 
Independently of the area or reference forecast, CRPSS scores 
for surface pressure show good skill at the initialization of the 
forecast (~0.6 in the northern regions and ~0.7 in the southern 
region) and by the 10th lead time we reach values of 0.2 (0.4) 
when using the climatology (persistence) as a reference. Results 
obtained are similar between North and South regions.

In Figure 9, we represented CRPSS per lead time for corrected 
values of 2 m dew point temperature. In North Vietnam, CRPSS 
values at the beginning of the forecast start at ~0.6 independent 
of the forecast of reference, but as we advance in time, results 
differ. For example, when we use CRPPS with climatology as 
a reference the score reaches 0.2 at the 10th lead day, whereas 
CRPSS using persistence, the skill is higher and more stable, 
having values around 0.4 at the 10th lead day of the forecast. 
Results for smaller sections of the North region (Red River Delta 
and Hanoi) are similar to those observed in North Vietnam but 
with less variability. The behaviour of 2 m dew point tempera-
ture in the North region is similar to 2 m temperature in Main 
et al. (2024), although here the difference between persistence 
and climatological references is more noticeable, with the clima-
tological reference being the hardest to beat.

In the southern regions (Figure 9 lower row), the CRPSS scores 
at the beginning of the forecast are low (~0.3) for both reference 
forecasts, gradually decreasing to values between 0.2 and 0 at 
the 10th lead day. In addition, skill scores for 2 m dew point 
temperature in the southern region are significantly lower com-
pared to the northern region. This tendency is also observed for 
2 m temperature in Main et al. (2024), but skill scores obtained 
here are lower compared to the latter, reaching scores of near 0 
by the 10th lead day.

In Main et al. (2024), both persistence and climatology acted as 
a similar benchmark for measuring forecast skill for tempera-
ture; here we found that for relative humidity persistence is the 
hardest reference to beat, whereas for 2 m dewpoint and surface 
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pressure it is the opposite. In Figure S9, we display the percentile 
distribution of relative humidity for the whole year; there we see 
that relative humidity has fairly low variability during the rainy 
season, which makes climatology a hard reference to use for rel-
ative humidity, whereas for variables with larger annual cycles 

such as 2 m temperature, 2 m dewpoint and surface pressure it 
acts as a harder (and therefore more informative) benchmark. 
By contrast, persistence is a harder benchmark to beat for rela-
tive humidity, especially in the southern region of Vietnam, as 
we saw in Figure 4.

FIGURE 8    |    Mean CRPSS for the northern (up) and southern (down) regions during the rainy season for surface pressure. The blue/red line shows 
the CRPSS obtained when using the persistence/climatology as a reference.

FIGURE 9    |    Mean CRPSS for the northern (up) and southern (down) regions during the rainy season for d2m. The blue/red line shows the CRPSS 
obtained when using the persistence/climatology as a reference, respectively.
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Taking into consideration the results obtained in Figures  7–9 
and fig.  13 of Main et  al.  (2024), the model is fairly skilful at 
predicting surface pressure for all lead times in all regions, 
whereas the 2 m dew point temperature forecasts are skilful in 
the northern region of Vietnam while it declines substantially in 
the south, showing lower skill compared to the results for 2 m 
temperature found in Main et al. (2024). Consequently, 2 m dew 
point temperature seems to be the variable that limits the skill 
of relative humidity in the southern region. Haiden et al. (2018) 
found a dry and cold bias between ECMWF model predictions 
and observations in regions closer to North Vietnam which in-
creases towards lower latitudes. In Figure S10, we estimated the 
mean bias between 2 m dew point temperature in raw re-forecast 
data and observations, and we detect a systematic negative bias 
(between −1.5 and −1 K), thus confirming that 2 m dew point 
in Vietnam tends to be underestimated in a similar magnitude 
as the result observed in Haiden et al.  (2018). The latter study 
also suggested that the humidity bias from the ECMWF model 
is (partly) caused by an overestimation of turbulent mixing in 
cloudy boundary layers, as well as to an insufficient tempera-
ture and dew-point gradient in the lowest 200 m. Taking into 
consideration that the southern region of Vietnam is located in 
the tropics (8.5°–12° N) it is plausible to think that relative hu-
midity skill is limited in the tropics because of the incomplete 
representation of processes that affect humidity, which cannot 
be fully corrected using QM. We repeated the humidity analysis 
skill correcting the dew-point temperature before measuring the 
relative humidity, but it does not improve the results.

5   |   Discussion and Further Studies

5.1   |   Summary and Discussion

Raw re-forecast data from the ECMWF ensemble prediction 
model showed a spatially varying bias in predicting relative hu-
midity during the rainy season (May–October) in Vietnam. This 
bias is not considerably big (up to 4% of relative bias in the South 
of Vietnam and in regions with high orography, and around −2% 
in the Red River delta region), but it is enough to affect the re-
liability of the forecast and consider raw re-forecast data as sig-
nificantly different from observations.

Corrected re-forecast data show increased reliability compared 
to raw re-forecast data, and most of the ensemble members 
follow the same distribution as observations up to 10 days in 
advance. In addition, corrected re-forecast data also produces 
skilful forecasts of relative humidity up to 10 days compared to 
persistence and climatology, although forecast skill seems to 
be more limited in South Vietnam. From the two forecasts of 
reference, persistence is the hardest reference to beat, specially 
in South Vietnam, and this might be linked to the higher au-
tocorrelation values of relative humidity in the tropical regions 
(see Figure 4), which would also explain why skill decays slower 
with lead time compared to the northern region. Forecasting rel-
ative humidity over smaller regions does not decrease forecast 
skill and reduces its variability. This is consistent with results 
from Main et al. (2024): this study concluded that this is likely 
to be associated with the fact that small scale behaviour is domi-
nated by large-scale dynamics of the monsoon that are well rep-
resented in the model.

We analysed the skill of the model at predicting 2 m dew point 
temperature and surface pressure, and results showed that 2 m 
dew point temperature forecasts decline substantially in the 
south, showing lower skill compared to the results for 2 m tem-
perature found in the Main et al. (2024). Therefore, the 2 m dew 
point might hinder the relative humidity forecast skill in South 
Vietnam. Haiden et  al.  (2018) demonstrated that some atmo-
spheric processes in the tropics are not well represented. This 
includes an insufficient temperature and dew-point gradient in 
the lowest 200 m, which might compromise model skill at longer 
lead times. Therefore, a more accurate representation of 2 m dew 
point temperature in the tropics may increase the model's abil-
ity to forecast relative humidity in south Vietnam. Nonetheless 
it is also important to state that the results displayed here were 
obtained with the re-forecast data, which has 11 ensemble mem-
bers whereas the current ECMWF real-time forecasts model has 
101 ensemble members available for the first 15 days (see https://​
www.​ecmwf.​int/​en/​newsl​etter/​​173/​earth​-​syste​m-​scien​ce/​next-​
exten​ded-​range​-​confi​gurat​ion-​ifs-​cycle​-​48r1). As the operational 
DART Dengue prediction model will be using real-time forecast, 
we expect to obtain higher probabilistic skill as it has a higher 
amount of ensemble members.

It is also possible that global climate modes such as El Niño 
Southern Oscillation (ENSO) and Madden-Julian Oscillation 
(MJO) might affect 2 m dew point and 2 m temperature forecast 
skill. ENSO is the main climate driver which induces the devel-
opment of heatwaves and cold surges in Vietnam (Pham-Thanh 
et al. 2024). By contrast, MJO modules cold surges and precipi-
tation in Vietnam (Chen et al. 2004; Le et al. 2024). Hence, iden-
tifying how ENSO and MJO affect relative humidity skill might 
enable us to identify windows of opportunity for having skilful 
humidity forecasts.

These findings, along with prior results found by Main 
et al. (2024), verify that the ECMWF's forecasts are able to skil-
fully predict the temporal evolution of weather variables linked to 
Dengue development in Vietnam (temperature, precipitation and 
relative humidity), up to 10 days in advance during the rainy sea-
son (May–October), although relative humidity seems to be the 
most difficult variable out of the three to forecast in the southern 
region (at least, when compared with persistence as a reference).

Nonetheless, we also have to take into consideration the limita-
tions of this study. The first one is that we assumed that the climate 
is stationary for the QM correction, as there was no obvious trend 
that there was a change in climatology for the last few years. Last, 
even though QM correction improved the reliability and accuracy 
of the relative humidity forecast, this technique does not perform 
an effective correction on the extreme values located at the tails 
of the distribution. This is because the frequency of occurrence of 
extreme values is low, and the characteristics of the new distribu-
tion obtained after the correction are strongly dominated by non-
extreme values (Cannon et al. 2015; Zhang et al. 2022).

5.2   |   Future Work

The findings of this study together with Main et al. (2024) con-
firm that the ECMWF weather forecast model is able to skilfully 
predict the evolution of 2 m temperature, total precipitation and 

https://www.ecmwf.int/en/newsletter/173/earth-system-science/next-extended-range-configuration-ifs-cycle-48r1
https://www.ecmwf.int/en/newsletter/173/earth-system-science/next-extended-range-configuration-ifs-cycle-48r1
https://www.ecmwf.int/en/newsletter/173/earth-system-science/next-extended-range-configuration-ifs-cycle-48r1
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relative humidity in Vietnam up to 10 days in advance. The skill of 
the ECMWF ensemble model in the extended forecasts for precip-
itation, 2 m temperature and humidity in the sub-seasonal scale 
(10–30 days in advance) will be assessed to establish the maxi-
mum lead time that can be given in the DART Dengue forecasts 
for appropriate interventions to be enacted. The bias-correction 
methodology has been included in the DART data pipeline to 
pre-process future real-time weather forecast data, and this will 
be followed by validation and testing of the full real-time DART 
Dengue forecasting system. The results presented in this manu-
script, along with an assessment of the extended range weather 
forecast (between 1 and 3 weeks in advance), which is currently 
ongoing, will be key to expanding the time window available for 
applying mitigation measures that will limit/reduce the spread 
and damages of Dengue incidence, such as targeting interventions 
to affected areas, informing the public where future outbreaks are 
likely to occur, and preparing resources for health services.

Apart from expanding the model skill assessment into the sub-
seasonal scale, the impact of modes of climate variability, such as 
El Niño Southern Oscillation or the Madden-Julian Oscillation 
on weather forecast skill in Vietnam could be explored. In par-
ticular, whether these modes can provide windows of oppor-
tunity that enable skilful forecasts between 10 and 30 days in 
advance, increasing the time of response before future Dengue 
outbreaks occur so as to improve future healthcare planning.

Depending on location, the spatial resolution of the weather 
forecast data may cover multiple districts and so increasing res-
olution through downscaling techniques may help ensure the 
DART goals of an accurate forecast for urban-district level can 
be achieved. This is likely to be most important for highly local-
ised fields such as precipitation.

Author Contributions

Iago Pérez-Fernández: writing – original draft, writing – review and edit-
ing, visualization, investigation, validation, methodology, software, formal 
analysis, data curation. Sarah Sparrow: conceptualization, funding acqui-
sition, supervision, resources, methodology, writing – review and editing, 
formal analysis, project administration, investigation. Antje Weisheimer: 
writing – review and editing, conceptualization, investigation. Matthew 
Wright: investigation, writing – review and editing, formal analysis. Lucy 
Main: software, data curation, resources, methodology.

Funding

This work was supported by the Dengue Advanced Readiness 
Tools (DART) project funded by the Wellcome Trust (grant code 
226052/Z/22/Z). This project has also received funding from the 
European Union’s Horizon Europe research and innovation pro-
gramme under grant agreement No 101081460. Views and opinions ex-
pressed are, however, those of the author(s) only and do not necessarily 
reflect those of the European Union. Neither the European Union nor 
the granting authority can be held responsible for them. MW is funded 
by the National Environmental Research Council, grant number NE/
S007474/1. MW receives financial support from AFRY Management 
Consulting, UK through a CASE Partnership.

Data Availability Statement

The data that support the findings of this study are available from the 
corresponding author upon reasonable request.

References

Anne, N. E. 2013. “Epidemiology of Dengue: Past, Present and Future 
Prospects.” 299–309.

Azmat, M., M. U. Qamar, C. Huggel, and E. Hussain. 2018. “Future 
Climate and Cryosphere Impacts on the Hydrology of a Scarcely Gauged 
Catchment on the Jhelum River Basin, Northern Pakistan.” Science of 
the Total Environment 639: 961–976.

Bett, B., D. Grace, H. S. Lee, et  al. 2019. “Spatiotemporal Analysis of 
Historical Records (2001–2012) on Dengue Fever in Vietnam and 
Development of a Statistical Model for Forecasting Risk.” PLoS One 14, 
no. 11: e0224353. https://​doi.​org/​10.​1371/​journ​al.​pone.​0224353.

Bhatt, S., P. W. Gething, O. J. Brady, et al. 2013. “The Global Distribution 
and Burden of Dengue.” Nature 496, no. 7446: 504–507.

Bombardi, R. J., V. Moron, and J. S. Goodnight. 2020. “Detection, 
Variability, and Predictability of Monsoon Onset and Withdrawal Dates: 
A Review.” International Journal of Climatology 40: 641–667.

Bouzid, M., F. J. Colón-González, T. Lung, I. R. Lake, and P. R. Hunter. 
2014. “Climate Change and the Emergence of Vector-Borne Diseases in 
Europe: Case Study of Dengue Fever.” BMC Public Health 14: 78. https://​
doi.​org/​10.​1186/​1471-​2458-​14-​781.

Brown, J. J., M. Pascual, M. C. Wimberly, L. R. Johnson, and C. C. 
Murdock. 2023. “Humidity—The Overlooked Variable in the Thermal 
Biology of Mosquito-Borne Disease.” Ecology Letters 26: 1029–1049.

Brunette, G. W. 2017. “Centers for Disease Control and Prevention Dengue. 
CDC Yellow Book (2018): Health Information for International Travel 
Refining the Global Spatial Limits of Dengue Virus Transmission by 
Evidence-Based Consensus.” PLoS Neglected Tropical Diseases 2012: 6e1760.

Buckley, M. B., R. Fletcher, S. Wang, S.-Y. S. Wang, B. Zottoli, and C. 
Pottier. 2014. “Monsoon Extremes and Society Over the Past Millennium 
on Mainland Southeast Asia.” Quaternary Science Reviews 95: 1–19. 
https://​doi.​org/​10.​1016/j.​quasc​irev.​2014.​04.​022.

Cannon, A. J., S. R. Sobie, and T. Q. Murdock. 2015. “Bias Correction 
of GCM Precipitation by Quantile Mapping: How Well Do Methods 
Preserve Changes in Quantiles and Extremes?” Journal of Climate 28: 
6938–6959.

Chen, T.-C., W.-R. Huang, and J.-h. Yoon. 2004. “Interannual Variation 
of the East Asian Cold Surge Activity.” Journal of Climate 17: 401–413. 
https://​doi.​org/​10.​1175/​1520-​0442(2004)​017,0401:​IVOTEA.2.​0.​CO;​2.

Cheong, L. Y., K. Burkart, J. P. Leitão, and T. Lakes. 2013. “Assessing 
Weather Effects on Dengue Disease in Malaysia.” Environmental 
Research and Public Health 10: 6319–6334.

Chien, L.-C., and H.-L. Yu. 2014. “Impact of Meteorological Factors 
on Spatiotemporal Patterns of Dengue Fever Incidence.” Environment 
International 73: 46–56.

Choi, Y., C. S. Tang, L. McIver, et al. 2016. “Effects of Weather Factors on 
Dengue Fever Incidence and Implications for Interventions in Cambodia.” 
BMC Public Health 16: 241. https://​doi.​org/​10.​1186/​s1288​9-​016-​2923-​2.

Clift, P. D., and R. A. Plumb. 2008. The Asian Monsoon: Causes, History 
and Effects, 270–288. Cambridge University Press.

Colón-González, F. J., L. Soares Bastos, B. Hofmann, et  al. 2021. 
“Probabilistic Seasonal Dengue Forecasting in Vietnam: A Modelling 
Study Using Superensembles.” PLoS Medicine 18, no. 3: e1003542.

Cramér, H. 1928. “On the Composition of Elementary Errors.” 
Scandinavian Actuarial Journal 11: 141–180.

Cuong, H. Q., N. T. Hien, T. N. Duong, et  al. 2011. “Quantifying the 
Emergence of Dengue in Hanoi, Vietnam: 1998–2009.” PLoS Neglected 
Tropical Diseases 5, no. 9: e1322.

Cuong, H. Q., N. T. Vu, B. Cazelles, et  al. 2013. “Spatiotemporal 
Dynamics of Dengue Epidemics, Southern Vietnam.” Emerging 
Infectious Diseases 19, no. 6: 945–953.

https://doi.org/10.1371/journal.pone.0224353
https://doi.org/10.1186/1471-2458-14-781
https://doi.org/10.1186/1471-2458-14-781
https://doi.org/10.1016/j.quascirev.2014.04.022
https://doi.org/10.1175/1520-0442(2004)017,0401:IVOTEA.2.0.CO;2
https://doi.org/10.1186/s12889-016-2923-2


14 of 15 Meteorological Applications, 2026

Dasgupta, A., I. Perez-Fernandez, T. Huynh, et  al. 2025. “Scalable, 
Open-Access and Multidisciplinary Data Integration Pipeline for 
Climate-Sensitive Diseases [Version 1; Peer Review: Awaiting Peer 
Review].” Wellcome Open Research 10: 467. https://​doi.​org/​10.​12688/​​
wellc​omeop​enres.​24774.​1.

Do, T. T. T., P. Martens, N. H. Luu, P. Wright, and M. Choisy. 2014. 
“Climatic-Driven Seasonality of Emerging Dengue Fever in Hanoi, 
Vietnam.” BMC Public Health 14: 1–10.

ECMWF. 2021a. “IFS Documentation CY47R3—Part IV Physical 
Processes [Online].” https://​www.​ecmwf.​int/​en/​elibr​ary/​81271​-​ifs-​
docum​entat​ion-​cy47r​3-​part-​iv-​physi​cal-​proce​sses.

ECMWF. 2021b. “IFS Documentation CY47R3—Part V 
Ensemble  Prediction System [Online].” https://​www.​ecmwf.​int/​en/​
elibr​ary/​81272​-​ifs-​docum​entat​ion-​cy47r​3-​part-​v-​ensem​ble-​predi​
ction​-​system.

ECMWF. 2023a. “Operational Configurations of the Integrated Fore-
Casting System (IFS) [Online].” https://​confl​uence.​ecmwf.​int/​pages/​​
viewp​age.​action?​pageI​d=​32486​0211.

Elmore, K. L. 2005. “Alternatives to the Chi-Square Test for Evaluating 
Rank Histograms From Ensemble Forecasts.” Weather and Forecasting 
20, no. 5: 789–795.

Fang, G. H., J. Yang, Y. N. Chen, and C. Zammit. 2015. “Comparing 
Bias Correction Methods in Downscaling Meteorological Variables for 
a Hydrologic Impact Study in an Arid Area in China.” Hydrology and 
Earth System Sciences 19: 2547–2559.

Githeko, A. K., S. W. Lindsay, U. E. Confalonieri, and J. A. Patz. 2008. 
“Climate Change and Vector-Borne Diseases: A Regional Analysis.” 
World Health Organization. Bulletin of the World Health Organization 
78, no. 9: 1136–1147.

Haiden, T., M. Janousek, F. Vitart, et al. 2022. “Evaluation of ECMWF 
Forecasts, Including the 2021 Upgrade [Online].” https://​www.​ecmwf.​
int/​node/​20469​.

Haiden, T., I. Sandu, G. Balsamo, G. Arduini, and A. Beljaars. 2018. 
“Addressing Biases in Near-Surface Forecasts [Online].” https://​www.​
ecmwf.​int/​en/​newsl​etter/​​157/​meteo​rology/​Addre​ssing​-​biase​s-​near-​
surfa​ce-​forec​asts.

Hamill, M. T. 2001. “Interpretation of Rank Histograms for Verifying 
Ensemble Forecasts.” Monthly Weather Review 129: 550–560.

Hersbach, H., B. Bell, and P. Berrisford. 2020. “The ERA5 Global 
Reanalysis.” Quarterly Journal of the Royal Meteorological Society 146: 
1999–2049.

Ho Chi Minh City Party Committee. 2025. “Củng cố Hoạt Động Giám 
sát xử lý ổ Dịch Sốt Xuất Huyết Trên Toàn TPHCM (Strengthening 
Monitoring and Handling of Dengue Fever Outbreaks Throughout Ho 
Chi Minh City).” https://​www.​hcmcpv.​org.​vn/​tin-​tuc/​cung-​co-​hoat-​
dong-​giam-​sat-​xu-​ly-​o-​dich-​sot-​xuat-​huyet​-​tren-​toan-​tphcm​-​14919​
34469​.

IPCC. 2022. “Climate Change 2022: Impacts, Adaptation, and 
Vulnerability.” In Contribution of Working Group II to the Sixth 
Assessment Report of the Intergovernmental Panel on Climate Change, 
edited by H.-O. Pörtner, D. C. Roberts, and M. Tignor, 3056. Cambridge 
University Press. https://​doi.​org/​10.​1017/​97810​09325844.

Jolliffe, I. T., and D. B. Stephenson. 2012. Forecast Verification: A 
Practitioner's Guide in Atmospheric Science. John Wiley & Sons.

Le, H.-H., N. M. J. Hall, and T. Ngo-Duc. 2024. “Remote Influence 
on Regional Scale Intraseasonal Rainfall Variability Over Vietnam.” 
International Journal of Climatology 44: 1171–1189. https://​doi.​org/​10.​
1002/​joc.​8377.

Lee, H. S., H. Nguyen-Viet, V. S. Nam, et al. 2017. “Seasonal Patterns 
of Dengue Fever and Associated Climate Factors in 4 Provinces in 
Vietnam From 1994 to 2013.” BMC Infectious Diseases 17, no. 1: 218. 
https://​doi.​org/​10.​1186/​s1287​9-​017-​2326-​8.

Main, L., S. Sparrow, A. Weisheimer, and M. Wright. 2024. “Skilful 
Probabilistic Medium-Range Precipitation and Temperature Forecasts 
Over Vietnam for the Development of a Future Dengue Early Warning 
System.” Meteorological Applications 31, no. 4: e2222. https://​doi.​org/​
10.​1002/​met.​2222.

Murphy, A. H. 1992. “Climatology, Persistence, and Their Linear 
Combination as Standards of Reference in Skill Scores.” Weather and 
Forecasting 7, no. 4: 692–698.

Neelin, J. D. 2007. “Moist Dynamics of Tropical Convection Zones 
in Monsoons, Teleconnections and Global Warming.” In The Global 
Circulation of the Atmosphere, edited by T. Schneider and A. Sobel, 267–
301. Princeton University Press.

Nguyen, V.-H., T. T. Tuyet-Hanh, J. Mulhall, et al. 2022. “Deep Learning 
Models for Forecasting Dengue Fever Based on Climate Data in 
Vietnam.” PLoS Neglected Tropical Diseases 16, no. 6: e0010509. https://​
doi.​org/​10.​1371/​journ​al.​pntd.​0010509.

Nosrat, C., J. Altamirano, A. Anyamba, et al. 2021. “Impact of Recent 
Climate Extremes on Mosquito-Borne Disease Transmission in Kenya.” 
PLoS Neglected Tropical Diseases 15, no. 3: e0009182.

Palmer, T. N. 2000. “Predicting Uncertainty in Forecasts of Weather and 
Climate.” Reports on Progress in Physics 63: 71–116.

Pérez-Díaz, J. L., M. A. Álvarez- Valenzuela, and J. C. García-Prada. 
2012. “The Effect of the Partial Pressure of Water Vapor on the Surface 
Tension of the Liquid Water Air-Interface.” Journal of Colloid and 
Interface Science 381: 180–182.

Pham-Thanh, H., L. Pham-Thi, H. Phan, A. H. Fink, R. Linden, 
and T. Phan-Van. 2024. “Heatwaves in Vietnam: Characteristics 
and Relationship With Large-Scale Climate Drivers.” International 
Journal of Climatology 44, no. 13: 4725–4740. https://​doi.​org/​10.​1002/​
joc.​8606.

Rabaa, M. A., C. P. Simmons, A. Fox, et  al. 2013. “Dengue Virus in 
Sub-Tropical Northern and Central Vietnam: Population Immunity 
and Climate Shape Patterns of Viral Invasion and Maintenance.” PLoS 
Neglected Tropical Diseases 7, no. 12: e2581.

Ramachandran, V. G., P. Roy, S. Das, N. S. Mogha, and A. K. Bansal. 
2016. “Empirical Model for Calculating Dengue Incidence Using 
Temperature, Rainfall and Relative Humidity: A 19-Year Retrospective 
Analysis in East Delhi, India.” Epidemiology and Health 38: e2016052. 
https://​doi.​org/​10.​4178/​epih.​e2016052.

Schmidt-Thome, P., T. H. Nguyen, T. L. Pham, J. Jarva, and K. 
Nuottimäki. 2015. “Climate Change in Vietnam.” In Climate Change 
Adaptation Measures in Vietnam. SpringerBriefs in Earth Sciences. 
Springer. https://​doi.​org/​10.​1007/​978-​3-​319-​12346​-​2_​2.

Smirnov, N. V. 1936. “Sui la Distribution de w2 (Criterium de M.R.v. 
Mises).” Comptes Rendus 202: 449–452.

Teutschbein, C., and J. Seibert. 2012. “Bias Correction of Regional 
Climate Model Simulations for Hydrological Climate-Change Impact 
Studies: Review and Evaluation of Different Methods.” Journal of 
Hydrology 456–457: 12–29.

Thai, K. T. D., B. Cazelles, N. V. Nguyen, et al. 2010. “Dengue Dynamics 
in Binh Thuan Province, Southern Vietnam: Periodicity, Synchronicity 
and Climate Variability.” PLoS Neglected Tropical Diseases 4, no. 7: e747. 
https://​doi.​org/​10.​1371/​journ​al.​pntd.​0000747.

Trinh, M. H., H. E. Clapham, A. A. Bettis, et al. 2018. “The Estimates 
of the Health and Economic Burden of Dengue in Vietnam.” Trends 
in Parasitology 34, no. 10: 904–918. https://​doi.​org/​10.​1016/j.​pt.​2018.​
07.​007.

VARCC. 2009. Vietnam Assessment Report on Climate Change. Institute 
of Strategy and Policy on Natural Resources and Environment.

Vogel, P., P. Knippertz, A. H. Fink, A. Schlueter, and T. Gneiting. 
2020. “Skill of Global Raw and Postprocessed Ensemble Predictions of 
Rainfall in the Tropics.” Weather and Forecasting 35, no. 6: 2367–2385.

https://doi.org/10.12688/wellcomeopenres.24774.1
https://doi.org/10.12688/wellcomeopenres.24774.1
https://www.ecmwf.int/en/elibrary/81271-ifs-documentation-cy47r3-part-iv-physical-processes
https://www.ecmwf.int/en/elibrary/81271-ifs-documentation-cy47r3-part-iv-physical-processes
https://www.ecmwf.int/en/elibrary/81272-ifs-documentation-cy47r3-part-v-ensemble-prediction-system
https://www.ecmwf.int/en/elibrary/81272-ifs-documentation-cy47r3-part-v-ensemble-prediction-system
https://www.ecmwf.int/en/elibrary/81272-ifs-documentation-cy47r3-part-v-ensemble-prediction-system
https://confluence.ecmwf.int/pages/viewpage.action?pageId=324860211
https://confluence.ecmwf.int/pages/viewpage.action?pageId=324860211
https://www.ecmwf.int/node/20469
https://www.ecmwf.int/node/20469
https://www.ecmwf.int/en/newsletter/157/meteorology/Addressing-biases-near-surface-forecasts
https://www.ecmwf.int/en/newsletter/157/meteorology/Addressing-biases-near-surface-forecasts
https://www.ecmwf.int/en/newsletter/157/meteorology/Addressing-biases-near-surface-forecasts
https://www.hcmcpv.org.vn/tin-tuc/cung-co-hoat-dong-giam-sat-xu-ly-o-dich-sot-xuat-huyet-tren-toan-tphcm-1491934469
https://www.hcmcpv.org.vn/tin-tuc/cung-co-hoat-dong-giam-sat-xu-ly-o-dich-sot-xuat-huyet-tren-toan-tphcm-1491934469
https://www.hcmcpv.org.vn/tin-tuc/cung-co-hoat-dong-giam-sat-xu-ly-o-dich-sot-xuat-huyet-tren-toan-tphcm-1491934469
https://doi.org/10.1017/9781009325844
https://doi.org/10.1002/joc.8377
https://doi.org/10.1002/joc.8377
https://doi.org/10.1186/s12879-017-2326-8
https://doi.org/10.1002/met.2222
https://doi.org/10.1002/met.2222
https://doi.org/10.1371/journal.pntd.0010509
https://doi.org/10.1371/journal.pntd.0010509
https://doi.org/10.1002/joc.8606
https://doi.org/10.1002/joc.8606
https://doi.org/10.4178/epih.e2016052
https://doi.org/10.1007/978-3-319-12346-2_2
https://doi.org/10.1371/journal.pntd.0000747
https://doi.org/10.1016/j.pt.2018.07.007
https://doi.org/10.1016/j.pt.2018.07.007


15 of 15Meteorological Applications, 2026

Vu, H. H., J. Okumura, M. Hashizume, D. N. Tran, and T. Yamamoto. 
2014. “Regional Differences in the Growing Incidence of Dengue Fever 
in Vietnam Explained by Weather Variability.” Tropical Medicine and 
Health 42, no. 1: 25–33. https://​doi.​org/​10.​2149/​tmh.​2013-​24.

Wallace, J. M., and P. V. Hobbs. 2006. Atmospheric Science: An 
Introductory Survey. 2nd ed. Elsevier Academic Press.

Wang, B. 2006. The Asian Monsoon, 788. Praxis Publishing Limited.

Weyn, J. A., D. R. Durran, R. Caruana, and N. Cresswell-Clay. 2021. 
“Sub-Seasonal Forecasting With a Large Ensemble of Deep-Learning 
Weather Prediction Models.” Journal of Advances in Modeling Earth 
Systems 13: e2021MS002502. https://​doi.​org/​10.​1029/​2019/​2021M​
S002502.

Worku, G., E. Teferi, A. Bantider, and Y. T. Dile. 2019. “Statistical Bias 
Correction of Regional Climate Model Simulations for Climate Change 
Projection in the Jemma Sub-Basin, Upper Blue Nile Basin of Ethiopia.” 
Theoretical and Applied Climatology 139: 1569–1588.

World Health Organization. 2009. “Dengue in Vietnam.” https://​www.​
who.​int/​vietn​am/​healt​h-​topics/​Dengue.

Xiang, J., A. Hansen, Q. Liu, et al. 2017. “Association Between Dengue 
Fever Incidence and Meteorological Factors in Guangzhou, China, 
2005–2014.” Environmental Research 153: 17–26. https://​doi.​org/​10.​
1016/j.​envres.​2016.​11.​009.

Yang, H. M., M. L. G. Macors, K. C. Galvani, M. T. M. Andrighetti, and 
D. M. V. Wanderley. 2009. “Assessing the Effects of Temperature on 
the Population of Aedes aegypti, the Vector of Dengue.” Epidemiology 
and Infection 137, no. 8: 1188–1202. https://​doi.​org/​10.​1017/​S0950​26880​
9002040.

Yu, Y., Y. Liu, F. Ling, J. Sun, and J. Jiang. 2023. “Epidemiological 
Characteristics and Economic Burden of Dengue in Zhejiang Province, 
China.” Viruses 15: 1731. https://​doi.​org/​10.​3390/​v1508​1731.

Zhang, Q., Y. Gan, L. Zhang, D. She, G. Wang, and S. Wang. 2022. 
“Piecewise-Quantile Mapping Improves Bias Correction of Global 
Climate Model Daily Precipitation Towards Preserving Quantiles and 
Extremes.” International Journal of Climatology 42, no. 15: 7968–7986. 
https://​doi.​org/​10.​1002/​joc.​7687.

Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Data S1: met70159-sup-0001-Supinfo.
docx. 

https://doi.org/10.2149/tmh.2013-24
https://doi.org/10.1029/2019/2021MS002502
https://doi.org/10.1029/2019/2021MS002502
https://www.who.int/vietnam/health-topics/Dengue
https://www.who.int/vietnam/health-topics/Dengue
https://doi.org/10.1016/j.envres.2016.11.009
https://doi.org/10.1016/j.envres.2016.11.009
https://doi.org/10.1017/S0950268809002040
https://doi.org/10.1017/S0950268809002040
https://doi.org/10.3390/v15081731
https://doi.org/10.1002/joc.7687

	Relative Humidity Verification Over Vietnam in ECMWF Medium-Range Forecasts for a Dengue Early Warning System
	ABSTRACT
	1   |   Introduction
	1.1   |   Motivation
	1.2   |   Link Between Vietnam Climate and Dengue Fever
	1.3   |   Inclusion of Weather Forecast Data Into Dengue Early Warning System

	2   |   Data and Area of Study
	2.1   |   Area and Period of Study
	2.2   |   Verification Data: ERA5 Reanalysis
	2.3   |   Re-Forecast Datasets

	3   |   Methodology and Metrics
	3.1   |   Bias Correction Technique
	3.2   |   Climatology and Persistence as Reference Forecasts
	3.2.1   |   Rank Histogram and Cramér-Von Mises Test
	3.2.2   |   Continuous Ranked Probability Skill Score


	4   |   Results
	4.1   |   Humidity Climatology Patterns in Vietnam
	4.2   |   Bias Between Raw Re-Forecast Data and ERA5
	4.3   |   Rank Histograms
	4.4   |   CRPSS

	5   |   Discussion and Further Studies
	5.1   |   Summary and Discussion
	5.2   |   Future Work

	Author Contributions
	Funding
	Data Availability Statement
	References


