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ABSTRACT

Objectives: The aim of this work was to analyze the relationship between new cases of clinical tick-borne encephalitis (TBE) and
various meteorological and seasonal predictors.

Material and Methods: The modelling is based on national data from the Czech Republic for the period 2001-2016 in daily reso-
lution, namely on average temperatures, average relative air humidity and the number of TBE cases classified according to the date
of the first symptoms. Four variants of a negative binomial model from the generalized additive model class are used. The basic
model relates the occurrence of TBE to the lagged ambient daily average temperature and daily average relative air humidity and
their interaction with the lag reflecting the incubation period and other factors. The lag value was estimated via the optimization
procedure based on Akaike information criterion. The model also includes the effect of the season and the effect of the day of the
week. To increase the biological plausibility, the basic model has been expanded to account for possible time-varying effects of
meteorological variables and to incorporate multiple lags.

Results: The most statistically significant effect is the within-year seasonality and then the interaction of the temperature and
relative air humidity. The relationship of both meteorological factors and their interactions vary throughout the activities season of
the host-questing Ixodes ricinus. This also changes the conditions of occurrence of the new clinical cases of TBE. The time-varying
effect of meteorological factors on the incidence of TBE shows non-trivial changes within a year. In the period before the middle of
the calendar year (around the week 22) the effect decreases, then it is followed by an increase until the week 35.

Conclusion: Flexible models were developed with quantitatively characterized effects of temperature, air humidity and their in-
teraction, with the delay of the effect estimated through the optimization process. Performance of the model with multiple lags
was checked using independent data to verify the possibility of using the results to improve the prediction of the risk of clinical
cases of TBE uprise.

KEYWORDS
tick-borne encephalitis - risk prediction — meteorological factors — generalized additive model — time-varying effects - distributed
lag model

SOUHRN
Daniel M., Brabec M., Maly M., Danielova V., Vrablik T.: Vliv meteorologickych faktort na riziko infekce
klistovou encefalitidou

Cil: Cilem této prace bylo analyzovat vztah mezi novymi ptipady klinické formy klistové encefalitidy a rliznymi meteorologickymi
a sezonnimi prediktory.

Material a metodika: Modelovani vychazi z narodnich dat Ceské republiky za obdobi 2001-2016 v dennim rozliseni, a to z hodnot
prdmérné teploty, pradmérné relativni vihkosti vzduchu a poctu pripadd klistové encefalitidy klasifikovanych podle data prvnich
piiznakd. Pouzivaji se Ctyfi varianty negativné binomického modelu z tfidy zobecnénych aditivnich modeld. Zakladni model dava
vyskyt klistové encefalitidy do souvislosti se zpozdénou prdmérnou denni teplotou okoli a denni primérnou relativni vlihkosti
vzduchu a jejich interakci se zpozdénim odrazejicim inkubacni dobu a dalsi faktory. Hodnota zpozdéni byla odhadnuta optima-
liza¢nim postupem zaloZzenym na Akaikeho informacnim kritériu. Model také zahrnuje vliv sezony a vliv dne v tydnu. Pro zvyseni
biologické vérohodnosti byl zékladni model rozsiten a byl pouzit distributed lag model, ktery zohlednuje mozné ¢asové promén-
livé uc¢inky meteorologickych proménnych a zahrnuje vice zpozdéni.

Vysledky: Statisticky nejvyznamnéjsim efektem je sezonnost v ramci roku a pak interakce teploty a relativni vihkosti vzduchu.
Vztah obou meteorologickych faktor( a jejich interakce se méni v pribéhu sezony aktivity hladovych klistat Ixodes ricinus. To také
méni podminky vyskytu novych klinickych ptipadd klistové encefalitidy. Casové proménlivy vliv meteorologickych faktori na vy-
skyt klistové encefalitidy vykazuje netrividlni zmény v prabéhu roku. V obdobi pied polovinou kalendainiho roku (kolem 22. tydne)
je efekt nizsi, poté nasleduje zvyseni az do 35. tydne.

Zavér: Byly vyvinuty flexibilni modely s kvantitativné charakterizovanymi vlivy teploty, vihkosti vzduchu a jejich interakce, se zpoz-
dénim efektu odhadnutym optimaliza¢nim procesem. Vykonnost findiniho modelu byla zkontrolovdna pomoci nezavislych dat,
aby se ovéfila moznost vyuziti vysledkd ke zlepseni predikce rizika narGstu klinickych pfipadu klistové encefalitidy.
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1 INTRODUCTION

The tick-borne encephalitis (TBE) is a severe disease
of the human central nervous system (CNS) caused by
the tick-borne encephalitis virus (TBEV) of the Euro-
pean (western subtype) genus Flavivirus family Flavivi-
ridae, whose main vector is the tick Ixodes ricinus (IR).
The incidence of TBE has increased in recent decades
and remains high with some year-on-year fluctuations
[1, 2, 3, 4]. It affects people of all ages and can cause
various forms of infection, from an asymptomatic
course (manifested only by the forming of antibodies)
to clinically severe CNS damage, sometimes with long-
term sequelae or even death.

TBE is a vector-transmissible zoonosis that is charac-
terized by the phenomenon of natural focality of infec-
tions circulating among animal hosts without human
involvement. Humans TBE can be infected by visiting
TBEV-infected tick sites and being attacked by the ticks.
It should be emphasized that the dynamics of this pro-
cess, in addition to local biocenological conditions, is
strongly influenced by abiotic factors, especially the
meteorological situation and its changes.

Research of TBE epidemiology has brought a lot of
evidence (laboratory and field) on the decisive influ-
ence of meteorological factors (in particular tempera-
ture and humidity) on the existence and activity of
main vector TBEV [5, 6, 7, 8,9, 10, 11]. In 2001, as part
of the project Climate Change and Adaptation Strate-
gies for Human Health (cCASHh) [12], we initiated a re-
search together with the Czech Hydrometeorological
Institute in Prague (CHMI), the primary aim of which
was to determine how well routine weather forecasts
could be used to predict the risk to humans of being
bitten by IR. When evaluating the results, a computer
program of warning prediction of host-questing acti-
vity of ticks TICKPRO was continuously developed [13].
This warning prediction has been operating all season
since 2007 in cooperation of the CHMI and the Nation-
al Institute of Public Health (NIPH) and published on
the websites of these institutions, possibly during pe-
riods of increased risk also in TV and newspapers [14].
The question of how to specify the generally applica-
ble risk of being bitten with IR to the specific risk of
TBEV infection with subsequent clinical signs was also
discussed. The publication [15] expresses and justifies
the hypothesis about the possible increasing risk of
developing a clinical form of TBE in infected people
during periods of weather with increased ambient

temperature while maintaining suitable humidity con-
ditions for IR ticks.

The aim of the present study is to determine the rela-
tionship between new TBE clinical cases as the depen-
dent variables and different predictors, in particular
average daytime temperature (Tavg) and relative air
humidity (RH), as well as their interaction. The benefit of
the work is that for this purpose we use a model work-
ing not only with in detail characterised effects of tem-
perature and relative air humidity, but also with their
joint influence, and also with an estimate of the delay
effect of meteorological variables for the occurrence
of TBE. In addition to the potential specification of the
warning prediction of the risk of IR tick infestation, the
results can also be used for a prediction specifically fo-
cused on the risk of developing of a clinical form of TBE
infection. They can also provide important guidance
when considering ongoing spatiotemporal changes in
the TBE incidence [16] and the possible future spread
of this severe neuroinfection to new areas under the
influence of anticipated climate change based on the
climate scenarios published by the Intergovernmental
Panel in Climate Change (IPCC Reports — AR6 Sixth As-
sessment Report).

P. A. Nuttall in 2022 in the final chapter (Final Synop-
sis and Future Predictions) of her comprehensive book
[17] devoted to the influence of climate on ticks and
tick-borne disease and opinions on future appropriate
ways of researching this issue, among other things,
mentions by name our research focus used in the sub-
mitted work.

2 MATERIALS AND METHODS

2.1 Data on the incidence of tick-borne encephalitis

The calculations are based on the daily data of the
TBE incidence from the Czech Republic for the period
2001-2016, with our models being built using data
for the period of 2001-2015 and the 2016 data being
used to evaluate the quality of the statistical models
used and to verify the possibility of using them for
prediction. Data on the number of TBE cases have
been taken from the national infectious disease re-
porting system EpiDat administered by the NIPH in
Prague. Only laboratory-confirmed cases of TBE have
been reported to the system [18]. The principles of
detection and reporting of the disease have not
changed during the period of analysis. The whole
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analysed set is characterised alternately by year-on-
year differences in the incidence of TBE cases, with
absolute maximum of 1029 (2006) and a minimum
of 355 cases (2015). There were no significant so-
cio-economic or human behavioural changes during
the reporting period. The vaccination rate of the hu-
man population against TBE is generally low [19] and
during the reporting period reached 16-23% only
[20], therefore it could not influence considerably the
overall TBE incidence at that time.

Overall, data on 13130 TBE cases were used for mo-
delling. Cases of alimentary diseases were not inclu-
ded in the processing. The assignment of the recorded
diseases to individual days was carried out according
to the date of the first signs of the disease. These data
are used in modelling to estimate the time at which the
affected person was attacked by the infected tick. The
time between the two mentioned time points corre-
sponds to the term incubation period, used in clinical
practice: from a statistical point of view, it is a delay
of the effect, hereinafter referred to as a lag of L days.
However, due to the nature of the data coming from
the routine surveillance system, this is not an estimate
of the net incubation period, as the data are burdened
with certain errors resulting from subjective percep-
tion. As a rule, the disease has a two-stage character,
and some patients indicate as the date of the first
symptoms the onset of nonspecific flu-like symptoms
(which is missing, occasionally), while others indicate
the beginning of the second stage manifested by a dis-
ability of the CNS. It is therefore a mixture of at least
two types of time ranges, additionally blurred by the
presence of administrative delays or chronological er-
rors. Possible limitations of TBE surveillance systems
are discussed in [19].

2.2 Meteorological data

The meteorological data are based on the climatolo-
gy database of the CHMI in Prague. These are average
national values of average daytime temperature and
relative air humidity from 70 selected stations with
standard meteorological measurements, carried out at
a height of 2 m above ground. Selected stations repre-
sented areas with a predominance of habitats suitable
for the occurrence of ticks. The average daily relative
air humidity at each station has been calculated as the
average of three daily dates (7 h, 14 h and 21 h). The
average daily temperature has been calculated as the
weighted average of these terms (7 h, 14 h and two
times 21 h).

2.3 Statistical analysis

Four statistical models of different levels of comple-
xity have been developed to meet the research objec-
tives. They are based on negative binomial distribution
to allow for overdispersion, compared to pure non-ho-
mogeneous Poisson process models.
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2.3.1 Model 1, Simple model with single lag

The basic Model 1 under consideration relates the occur-
rence of TBE to the interaction of ambient daytime average
temperature and daily average relative humidity with the
aforementioned time shift and also enters the seasonal and
day-of-the-week effect. The resulting lag value L (L-day ef-
fect delay) used in further analyses was selected based on
a comparison of models with different lags. This model can
be described in more detail as follows.

P.~NegBin(u;, 6)
log(uy) = a + X7_, Bi-1(t is of type i)
+ Sseasonality (ydaYt)
+ Sravg ru(Tavge_;, RHy_ )

where:

e P, is the number of TBE cases reported on day t (t is
indexed in days since the beginning of the study, i.e.
from Jan., 1, 2001). This is assumed to follow a negative
binomial distribution (allowing overdispersion com-
pared to Poisson random variable),

e U; is the expected value of TBE cases on day t. It is
modelled via conventional logarithmic link (so that the
effects of different model terms combine multiplica-
tively on the original scale),

* O is the parameter (negatively) related to possible
overdispersion in the data. 2

We have: E[P;] = u; and Var[P;] = u; + %,

* o is the intercept (allowing for capturing for overall
TBE incidence level),

o »'7_, B;i. 1(t is of type i) term describes the effect of
weekday. This term is important to account for the nui-
sance effect of irregularities in reporting over the week
(e.g. lower reporting rates on Sundays etc.). Effectively,
we adjust for the irregularities to see the effects of tem-
perature, humidity and seasonal effects more clearly.
The weekday effect is modelled in the usual ANOVA
style with the usual “treatment” parametrization, i.e.
with the baseline=0 identifiability restriction [21]. I(.) is
the indicator function which assumes value of 1 when
its argument is true and the value of 0 otherwise,

® Sseasonality 15 the term describing seasonality in the
TBE recordings. It is modelled as cubic regression spline
with stitching part located in the region of very low (es-
sentially zero) intensity (not enforcing periodicity ex-
plicitly is virtually innocuous),

* yday; is the numeric position of the day t within the
year (from 1 to 365),

* Stavg,rH 1S the core of the model. It is the term de-
scribing the simultaneous effect of daily average tem-
perature and relative humidity (Tavg, RH). It is modelled
via penalized tensor product spline [22]. Formally, this
term (smooth function of two variables) amounts to
(parsimoniously formulated) two-way interaction of
temperature and relative humidity. As we discussed in
[23], the interaction (and not only additive combination
of both terms) is important for biological plausibility of
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the model as the tick’s activity is concentrated to cer-
tain combinations of temperature and humidity,

e L is the effect lag; because of the incubation period
and reporting delays, the temperature and humidity
relevant for the TBE risk are not concurrent with TBE
case but delayed. To this end, we evaluate the term
at Tavg,_;, RH,_;, i.e. L days before the time of TBE
onset. The value of L is not known a priori, so that we
estimate it via Akaike information criterion (AIC) opti-
mization [24].

Taken together, the model is a negative binomial
model of Generalized Additive Model (GAM) class [22,
25]. It is estimated (i.e. all its terms and parameters are
identified simultaneously) via penalized likelihood
maximization after the estimation of unknown penalty
constants via generalized crossvalidation [22].

Further, we attempted to expand the previous model
to account for possible time-varying effects of tempera-
ture and relative humidity. That is, we not only allow for
lag in the meteorological variables as before, but we also
allow for possibly different effects of the same combina-
tion of Tavg and RH in various parts of the season.

2.3.2 Model 2, Simple model with single lag and with
time-varying coefficient of the interaction term be-
tween lagged temperature and relative humidity

P,~NegBin(u,,6)
log(pe) = a + X7, Bi- 1(t is of type i)
+ Sseasonality(ydayt)
+ Ve My

where:

e M,_; is the estimate of the term

Stavg,ri (Tavge_r, RH,_,) obtained from the Model 1,
* ¥, is the time-varying coefficient of the M,_;. In par-
ticular, based on biological consideration, we allow for
seasonally-varying coefficient of the M;_; term. The
time-varying coefficient models are a special class of
two-way interaction models [26] which can be handled
as GAM components via penalized spline (y;is mo-
delled via cyclic cubic spline in yday;) which is what
we employ in our modeling.

This model is fitted via a two-step procedure. Name-
ly, the Model 1 is fitted first. Then we extract the
M,_;, = Sraugru(Tavg,_;, RH,_;) from it and use
it as one of the terms in the second step model (Model 2).
The (slowly) time-varying coefficient y; allows for pos-
sibly different importance of the same meteorological
condition as the season progresses. This might be mo-
tivated both by tick biology and virus behaviour.

Two concerns with the one-lag models (like Model 1
and Model 2) might be that the estimation of the high-
est lag might not be very precise (so that the winning
lag chosen by the AIC optimization procedure might
not be always the most important) and further, it might
not be biologically entirely realistic to assume that just

one lag is important as discussed in [27]. To this end,
we also postulate a multi-lag model, known as distri-
buted lag model in Econometrics [28] and based es-
sentially on the Almon approach [29]. But we extend to
the original polynomial restriction to the more flexible
B-spline restrictions (i.e. the lag coefficients have to lay
on a B-spline curve in the lag values).

2.3.3 Model 3, Multi-lag Alimon model

P,~NegBin(u.,8)
log(uy) = a + X7 Bi-I(tis of type i)
+ Sseasonality (ydayt)
+ %12 61 My

where:

* M;_; is the Srqypgru(Tavg,_;, RH;_;) term esti-
mated from Model 1 evaluated at the lag / (where [ runs
from 0 to 40),

* §; is the coefficient of the M;_; term. It is modelled
via spline restriction for regularization [29]. One of the
advantages is that we can take the estimates §; and
plot them against [ to get a picture of how important
differently lagged meteorological variables are for the
TBE occurrence later. Other advantage is that we do not
have to insist on just a single lag to be important.

This is a distributed (multi-lag) model that is esti-
mated in two steps: first Model 1 is estimated, its term
Stavg,rH IS then evaluated at different lags (0 to 40
days) and used in Model 3 to estimate the Almon coef-
ficients (together with all other Model 3 parts).

Similarly as in the Model 1 and Model 2 conside-
rations about the possibly time-varying effects (sea-
sonally changing importance of the same meteoro-
logical conditions), we can expand Model 3 into the
time-varying version Model 4.

2.3.4 Model 4, Multi-lag time-varying Aimon model
Pt~NegBin(nutl 8)
log(u,) = a+ X7_, Bi-1(t is of type i)
+ Sseasonality (ydaYt)
+ %120 601 My

where:

* &4 is the now time-varying Almon coefficient for lag L.
Once again (similarly as in Model 2), the time-varying part
is implemented via cyclic cubic spline in yday; enforcing
the periodicity of the seasonal coefficient variation.

This is the most complicated and most general mo-
del that allows for both multiple lags and their (slowly)
time-varying coefficients. It is fitted in three steps by
fitting Model 1, extracting its Stqyg,rH COMpONENt,
evaluating it at different lags (0 to 40), then fitting Mo-
del 3 and extracting from it the Almon component and
finally using the extracted Almon component as the
term in the time-varying coefficient Model 4.

Epidemiologie, mikrobiologie, imunologie 2023, ro¢. 72, ¢. 2



All models were compared via AIC and deviance ex-
plained and then also via Pearson correlations based
on performance both in terms of fit (on the training
data) and prediction (on data from the full next year
that was not used for model identification).

To comment statistical significance, we use the sig-
nificance level of 0.05 throughout the paper. In graphs,
effect estimates are supplemented with 95% pointwise
confidence intervals. All the computations were done
in R [30] using mgcv library [22].

3 RESULTS

3.1 Determination of the time span between human
infection by an infected tick and the manifestation
of the first signs of clinical disease with tick-borne
encephalitis

The course of the Akaike information criteria for
Model 1 covering the daily number of TBE cases and
the variously lagged values of the interacting daily ave-
rages of ambient temperature and relative humidity
is shown in Figure 1. The best result (with the smallest
AIC) came out with a lag model using L = 18, which
thus indicates on average an 18-day advance of the tick
attack before the appearance of the first signs of the
patient’s disease. Lag 4 is also interesting, as confirmed
by the selection of the second suitable lag after lag 18
was already selected. The graph shows that the curve
is quite flat around the minimum, so determining the
minimum is a fairly poorly conditioned problem. For
example AIC for lag 16 is only slightly higher than for

AlC
14800 15000 15200 15400 15600 15800 16000

T T T T T T T T T
0 5 10 15 20 25 30 35 40
Lag [days]

Figure 1. Akaike information criterion values depending on

the lag selected in Model 1

Table 2. Quality characteristics of the models studied
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lag 18, and therefore it is not excluded that the real
minimum, taking into account possible inaccuracies in
the data, could be for lag 16 (or 17). This was the moti-
vation for using the more sophisticated Models 3 and 4.
Models based on lag L = 18 were selected for all other
analyses with single-lag models. However, the shape of
the AIC profile (both the relatively flat curve around the
global optima and the second local minimum around
lag 4) led to considerations as to whether there should
be more lags in the model. For this reason, multi-lag
Models 3 and 4 were created.

3.2 Current weather (ambient temperature and
relative air humidity) at the time of infection of new
clinical cases of TBE

3.2.1 Model 1: Simple model with lag 18

The results of the estimation of model 1 parameters
are summarised in Table 1. All of these terms are statis-
tically significant (p < 0.001), however, according to the
values of the of the chi-squared test statistics, it is clear
that the most pronounced effect is the seasonality and
then the interaction effect of temperature and humidi-
ty. The effect of the day of the week is smaller, but not
negligible, so we correct for it in the model. The course
of the seasonal component of daily incidence is shown
in Figure 2. The correlation between fitted values and
reality reached 0.711 (Table 2).

Table 1. Summary characteristics of the Model 1

Chi- Degrees
-square | of freedom

Day of the week factor ~ 86.41 < 0.001
Seasonality 1082.26 8.05* <0.001
Interaction between

lagged temperature o o 1406*  <0.001

and relative humidity
with lag 18
*effective degrees of freedom (EDF)

Figure 3 characterizes the average daily incidence of
TBE depending on the interaction of meteorological
conditions, i.e. temperature and relative air humidity at
the time of infection of individual patients. The relevant
values of the average daytime temperature and the
interacting relative air humidity can be subtracted on

Pearson correlation between

AIC Deviance explained Pearson correlation between i
[%] estimate and measurement (fit) | prediction and measurement

Model 1 13536.93 68.5
Model 2 13500.71 68.7
Model 3 13291.72 69.9
Model 4 13289.73 70.3

AIC - Akaike information criterion
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0.711 0.752
0.712 0.749
0.737 0.755
0.739 0.754
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both axes for each point on the graph area. The high-
est incidence is shown by a light yellow color, and the
transition through the darker yellow to the orange and
then red color corresponds to a decreasing incidence.
White lines are isoline values of TBE incidence in the de-
picted meteorological situations of concurrent action
of the two factors - that is, formally their interaction in
the statistical sense. In other words, humidity modifies
the effect of temperature, or even, equivalently, tem-
perature modifies the effect of humidity. The highest
TBE incidence are found in the area of a combination
of high average temperatures (around 20 °C) and high
relative air humidity (around 90%) at the top right of
the chart. This meteorological situation, which deter-
mines the highest risk of appearance of new TBE clini-
cal cases, may occur mainly during the peak summer. In
some years it also occurs in late summer and this then
conditions (or influences) the emergence and level of
the second peak of the seasonal occurrence of TBE. In
general, the graph shows the increasing demand for
higher relative humidity with an increase in the aver-

0.0 2.0

Effect
-2.0

-4.0

-6.0

-8.0

1 50 100 150 200 250 300 350
Day of the year

Figure 2. Seasonal component of daily TBE incidence. sup-

plemented with 95% pointwise confidence interval plotted

as grey band (Model 1)

Bl 2]

o

Foalales hurnidity [%%], lag 18 days
i Lk

40

5 0 s 10 18 n 2

Daity avemge temperatun ["C], tag 18 days

Figure 3. Average daily incidence of TBE depending on the
interaction between temperature and relative humidity

(Model 1)

age daily air temperature to maintain high incidence
and therefore a high risk of infection. The graph also
clearly shows a secondary area of relatively high inten-
sities corresponding to average temperatures (around
15 °C) and low relative air humidity (around 50%). The
range of values on both axis of the graph is selected so
that all combinations of daily averages of temperature
and relative air humidity can be displayed continuously
recorded throughout the reference time 2001-2015.

3.2.2 Model 2: Simple model with lag 18 and
time-varying coefficient of interaction term between
lagged temperature and relative humidity

The interpretation of Model 1 and the experience of
long-term registration of the seasonality of clinical ca-
ses of TBE warrant the assumption that the concomi-
tant effect of Tavg and RH on the occurrence of cases of
this disease shows certain seasonal changes.

In order to localise the results of Model 1 within the
season of occurrence of new clinical cases of TBE, this
model has been generalised to allow for a time-varying
coefficient of the interaction term between tempera-
ture and relative humidity, both lagged by 18 days.
A comparison of the individual models through AIC
(see Table 2) suggests that Model 2 better explains the
variability in the data. As a result, it is found that the
time-changing coefficient shows a nonlinear course
within the year, as demonstrated in Figure 4. In the pe-
riod before the middle of the year (around the time of
the 22 calendar week), the value of the coefficient de-
creases as if there had been a temporary reduction in
the influence of Tavg and RH on the TBE incidence. The
nature and significance of the reduction in the value of
the time-varying coefficient around the 22" calendar
week, which is concordant with knowledge of the pre-
dominantly bimodal seasonal course of TBE incidence,
are analysed in the Discussion.

Time-varying coefficient
4.0 6.0 8.0

2.0

0.0

1 50 100 150 200 250 300 350
Day of the year
Figure 4. The time-varying coefficient of the interaction term
between temperature and relative humidity (both lagged by
18 days) within the year supplemented with 95% pointwise
confidence interval plotted as grey band (Model 2)
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3.2.3 Model 3: Almon model trained on lag 18 and
seasonality

To verify the results of a simple single-lag model, an
Almon-based model has been developed that works
with multiple lags simultaneously. For individual lags,
the weights with which they contribute to the estimate
are estimated. This approach makes it possible to deal
with the problem of uncertainty in the search for a single
resulting lag mentioned in the Model 1 in connection
with Figure 1. Figure 5 shows the values of the weighing
function with the appropriate point 95% confidence in-
terval. The highest weight corresponds to lag 19 and the
second secondary maximum is reached at lag 6. Model 3
provides some improvement in the deviance explained
compared to the previous two models (Table 2), but this
characteristic is satisfactory for all models compared.

0.3

0.1 0.2

Coefficient (lag weight)

0.0

-0.1

.

0 5 10 15 20 25 30 35 40

Lag [days]
Figure 5. Lag weighing function with corresponding 95%
pointwise confidence interval plotted as grey band (Model 3)

3.2.4 Model 4: Alimon model with time-varying coeffi-
cients trained on lag 18 and seasonality

As with the simple model described above, the Almon
model was extended by time-varying coefficients in the
next procedure. The resulting Model 4 has a lower AIC
than Model 3 (see Table 2), but only by about 2. These
models can therefore be assessed as virtually equivalent
in terms of their ability to explain the variability in the
observed data. A very small improvement in AIC does
not offset a substantial increase in model complexity. As
a result, we prefer a more parsimonious model, i.e. Model
3. Both models based on the Almon multi-lag approach
have a slightly higher correlation between the estimate
in each year and the actual number of registered cases
than Models 1 and 2 with single lag (see Table 2).

3.3 The possibility to use the results obtained to cla-
rify the prediction of the risk of clinical cases of TBE
The models described above, the parameters of
which were estimated on the basis of input data from
2001 to 2015, were applied to similar data from the fol-
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lowing year 2016, which was not used in modelling. This
simulated, for demonstration purposes, the prediction
of the epidemiological situation, i.e. the occurrence of
new clinical diseases TBE after 18 days from the detect-
ed meteorological situation. The ability to predict is the
most important criterion from a practical point of view.
The best result from this point of view, i.e. the highest
correlation of prediction with actually registered cases,
was achieved, albeit by a little, model 3 (see Table 2).
The result of the simulated prediction of this most suc-
cessful model is demonstrated on Figure 6.
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Figure 6. Comparison of the annual course of observed values
for 2016 with the prediction based on data for 2001-2015
(Model 3)

4 DISCUSSION

Regarding the dynamics of the TBE virus circulation
in nature, and thus the level of risk of infection for oc-
casional visitors to habitats with infected IR, the influ-
ence of climatic factors is most strongly mediated by
the action on the vector organism - ticks. IR is qualified
as an external (exophilic) species of a tick. This means
that it is in direct contact with the host only at the
time of blood sucking [31]. There are two ways to in-
fluence: short-term influences (in the order of hours or
individual days), affecting mainly physical activity and
causing, e.g. diurnal changes of location during the
host-questing phase, and long-term influences (in the
order of several days or weeks) affecting ontogenetic
development, all physiological processes of ticks, dia-
pauses (behavioural or developmental) as well as the
replication of the TBEV in its body.

Attachment of a TBE-infected tick and at least short-
term blood sucking is the main way humans are infect-
ed. Alimentary infections following the consumption
of uncooked milk from lactating animals, especially
goats and sheep infected with the TBEV, account for
only a negligible fraction of the registered cases of TBE.
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However, clinical manifestations do not always occur.
It is estimated that up to two thirds of people undergo
TBEV infection without clinical signs, and the result is
only the formation of antibodies [32]. In symptomatic
patients, the course usually has two phases. In the first
phase, fever and flu-like symptoms occur. After a short
asymptomatic period, the second phase begins with
a damage to the central nervous system. Exceptionally,
in some patients, only the first phase may take place.
The onset of various forms of clinical manifestations
is associated with the overall health of the patient, his
age, etc. However, the inapparent course, when only
seroconversion occurred, may also indicate that during
sucking only a lower dose of TBEV was transmitted
than is the human clinical disease threshold.

Determining the influence of meteorological factors
on the incidence of new cases of clinical disease TBE
is conditioned by determining the time when the vi-
rus was transmitted: the tick was then active and phy-
siologically ready to attack the host and at the same
time the virus load in its body was high enough to be
injected a dose of virus sufficient to exceeds the host
infection threshold. In this work, this time is estimated
through a lagged effect. This time interval includes in
particular incubation period of the clinical TBE disease,
which has been reported in medical practice as indivi-
dually highly variable (2-21 days) due to the two-phase
mode of the disease [15, 33, 34]. The observed lag va-
lues of L =18 or L =4 in this study (Model 1) may reflect
different stages of the disease in which the infection is
recognized and registered based on the first symptoms.
Lag 18 appears to correspond to the onset of the neu-
rological phase leading to hospitalization, while Lag
4 probably corresponds to the onset of influenza-like
symptoms, which may not always manifest themselves
and be noted. The situation is similar with L = 19 and
L =6 in Model 3. This confirms that the date of the first
symptoms recorded in the routinely collected data is
a mixture of the two mentioned time intervals.

Figure 3 shows the interactions of two abiotic fac-
tors (Tavg and RH), including ranges of values corre-
sponding to the off-vegetation season. The observed
characteristic (incidence of clinical cases of TBE) con-
tains a significant biotic component - the activity of
ticks infected with TBE virus. Its character, as verified in
previous publications [15, 23, 31] is limited by ambient
temperature: movement activity and host-questing ac-
tivity take place to some extent above freezing point,
and full physiological activity occurs above +10 °C. In
laboratory experiments, Sixl and Nosek [35] paid at-
tention to changes in the locomotor activity of all de-
velopmental stages of IR at both decreasing and rising
ambient temperatures. They classified the observed
tick reactions into 12 degrees from lethargy to escape
reaction. For both nymphs and imagoes IR, the upper
limit of normal activity was defined by stress, followed
by increased activity leading to escape reaction. While

the full normal activity of the imagoes IR was 18-25 °C,
IR nymphs were normally active in the range of 10.0-
22.5 °C (in both cases at 100% RH). This is consistent
with our field findings [31]. During the six-year moni-
toring of IR activity, the spring-summer (higher) peak
of the activity curve corresponded to habitat tempera-
tures in the range of 10.1-15.0 °C, the summer-autumn
(lower) peakin the range of 15.1-20.0 °C (or even more).
The detected maximum temperature was 26.6 °C. This
fact must be respected in the interpretation of the
Figure 3, because used statistical model states in area
of negative average temperature even very minimal
but non-zero values of the incidence of new cases of
TBE, which must be distinguished from the actually ob-
served values. The area of the graph documenting the
real natural conditions of the rise of clinical cases of TBE
is thus, with regard to the occurrence of registered ca-
ses, limited from the point of view of the average daily
temperature by a minimum of 0 °C and a maximum of
25°C.

In the zone of average daily temperatures 0-10 °C,
where the incidence of new clinical cases is very low,
Tavg appears to be the decisive factor, rather than the
interacting average air humidity (40% RH and above in
the field shown in the graph). Isolines indicating spo-
radic occurrence of clinical cases of TBE thus occur at
identical Tavg values across all RH values. This situation
varies between 10-15 °C, when the interaction of Tavg
and RH shows an increased effect of RH, which culmi-
nates in temperatures of 20 °C and higher. While the
co-occurrence of high Tavg and RH values, correspond-
ing to the high level of the incidence of new clinical ca-
ses of TBE can be seasonally localized to peak summer,
possibly early autumn, the interaction of low Tavg with
a relatively broad spectrum of RH can occur repeatedly
in both the early spring and late autumn period. This
supports the idea of how this result is affected by the
fact that standard meteorological data are used as in-
put data professionally measured at a height of 2 m.
Humidity of the surface air level is strongly influenced
by soil moisture, which is mostly high in spring after
spring thawing of snow and frequent rains, while in
summer the microclimate in the ground air layer is of-
ten affected by late summer soil moisture deficit and is
therefore more dependent on the overall level of mac-
roclimate humidity. This consideration should be taken
into account when estimating the danger of attack by
TBEV-infected ticks.

Regarding the results of model 2 with time-varying
coefficients (see Figure 4), it should be noted that one
of the basic features of the epidemiology of clinical hu-
man TBE cases is their seasonal occurrence, which in
most cases is described by a bimodal curve. The first
(and higher) peak is usually reached in late spring and
early summer. During this period, the curve in the risk
areas of TBE is very similar every year in terms of the
shape and reaching values. In the next period, there
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is a temporary decline in the incidence of new cases,
after which the subsequent re-increase in the num-
ber of new TBE culminates in a second, usually lower
peak during the peak summer and early autumn. This
second part of the seasonal curve is mostly subject to
year-on-year differences. In extreme cases, the second
peak is not created at all, or on the contrary reaches
(or exceeds) the value of the spring-summer peak. The
prevailing meteorological situation plays a significant
role.

The biology of IR, the main vector of the TBE virus in
Europe, is a driving factor in the virus circulation in na-
ture. It also plays an important role in the epidemiology
of human clinical diseases with this virus. The described
course of TBE seasonality therefore largely corresponds
to the curve of host-questing activity of IR. However,
it is necessary to satisfactorily explain the different
course of both curves in the second half of the growing
season, when the second peak of TBE may exceed the
spring values without a sudden increase in the number
of host-questing active ticks. Such a case in the period
under review was, for example, the year 2006, which,
in addition to the extraordinary summer incidence of
new TBE cases, was also extraordinary in terms of the
summer meteorological situation. Further examples of
similar annual courses are given in [23].

In 2001-2006, we performed a detailed study of
host-questing IR activity depending on the meteoro-
logical conditions of the tick microhabitat [31]. Com-
paring the achieved data with the results of our previ-
ous study monitoring the population dynamics of IR in
a long-term field experiment [36] we came to the con-
clusion that in the climate conditions of Central Europe
the change of the structure of IR-active populations
occurs in the period 22-23 calendar week. Most indi-
viduals (all stages) that successfully hibernated, have
already found their host, and are either in a parasitic
phase of life, or undergoing varying degrees of meta-
morphosis after sucking blood, and have disappeared
from a cohort of host-questing active individuals. They
are gradually replaced by freshly metamorphosed in-
dividuals who participate in the TBEV circulation, with
their physiologically younger organisms being more
susceptible to the virus than hibernating individuals
[15]. Moreover, in this part of the season, the weather is
characterized mainly by higher ambient temperature,
so it depends mainly on the humidity of the air to what
extent favourable conditions for the existence of IR oc-
cur. It is not just a host-seeking activity, but all the phy-
siological processes in the tick and also the replication
of the TBEV in its body. We analyzed these problems in
detail in [15]. We hypothesized that elevated ambient
temperatures in the second half of summer, accom-
panied by appropriate relative humidity, could cause
intense replication of the TBEV in ticks, so that when
people are attacked and their blood is sucked, they
are more likely to be transmitted with a larger amount
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of TBEV exceeding the threshold for human infection
with this virus. In this way, the risk of developing clini-
cal diseases in infected people increases, which is also
confirmed by the evidence that the risk of hospitaliza-
tion for TBE increases during the year until August [37].
This also explains the regularly observed difference
between the spring ratio of host-questing IR numbers
and the number of established TBE clinical diseases
compared with the second part of the summer, when
the ratio is clearly higher in favour of new infections.
At the same time, it supports the consideration of the
influence of meteorological factors (and especially the
interaction of Tavg and RH) influencing the epidemio-
logical situation of TBE in this period of the year, im-
portant for predicting the risk of human infection with
this virus. In Figure 3, the secondary area of relatively
high incidence of TBE at average temperatures around
15 °C probably corresponds to the cases from late sum-
mer and early autumn.

Several authors, such as [38] created a predictive
model in which predicted TBE rate increased with the
increase of air temperature over the previous 10-20
days, precipitation over the previous 20-30 days, and
forest characteristics (forestation, forest road density).
In the case of the presented work, we used data on
relative air humidity (% RH), which we consider more
relevant. Summer precipitation in this period, which is
mostly torrential and transient, has a strongly locally
limited character. Their effects cannot be generalized
to a wider area, as required by the nature of the TBE
epidemiological input data, which is also necessary to
make effective warning prognoses of the risk of the
TBEV infection targeted by our research.

The incidence of TBE cases in 2016, which was used
as the basis for the simulated “forecast” because it was
directly related to the previous fifteen-year analysis
period, differed from previous years in the increased
year-round incidence of TBE (565 cases). The seasonal
course was also different, especially in its summer-au-
tumn part, when the increased summer values of the
occurrence followed (without a regular transient de-
crease) directly to the spring part of the curve, so that
the second summer-autumn peak did not form mark-
edly. The described situation corresponds to the find-
ings in the pan-European area of TBE expansion [39].
This global difference from previous years therefore
cannot be explained by the influence of some locally
acting factors and remains unexplained. In detail, in
the Czech Republic in October 2016 the seasonal inci-
dence curve of TBE fell, but it partially increased during
November (see Figure 6). This atypical situation prob-
ably reduces to some the quality of risk prediction by
the model used, but on the other hand it shows that
the model performs satisfactorily even under these
circumstances. However, it should be acknowledged
that the quality of the forecast may vary for different
periods.
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For effective real-time prediction of the risk of TBEV
infection, it is not sufficient to use only weather forecast
conditions, which generally enables human infestation
by the IR tick. At the same time, the meteorological
conditions must be respected, allowing the situation
where an infected tick contains such an amount of vi-
rus that, when attacked a human, it transmits a dose of
the virus that causes clinical disease.

Based on Figure 6, it can be stated that estimating
the influence of the meteorological situation due to
the interaction of Tavg and RH at the time of infection
by TBEV (i.e. at the time of the biting by the infected
tick) on the level of risk of clinical disease development
(model 3) can be recommended as a basis for success-
ful warning forecasts and a possible complement to
forecasts based on host-questing tick activities.

5 CONCLUSIONS AND OVERLOOK

The aim of this study was to find out what is the rela-
tionship between the newly emerging cases of clinical
TBE disease as a dependent variable and various pre-
dictors, especially the average daily temperature and
average relative air humidity and their interaction. It is
a matter of determining the meteorological conditions
under which the host-questing stage of IR was physio-
logically prepared to attack the host, suck its blood,
and the TBEV load in the IR vector was high enough
to deliver a dose of virus exceeding the human infec-
tion threshold and thus to cause human clinical dis-
ease. The methodological benefit is that a model with
quantitatively characterized effects of temperature, air
humidity and their interaction is used for this purpose,
which works with the delay of the effect estimated
through the optimization process.

All cases of TBE in the Czech database of infectious
diseases EpiDat, which is the initial source of data for
the performed analyzes, are time-localized according
to the date of detection of the first clinical symptom:s.
Based on these data, a time estimate is based on when
the affected person was infected with an IR tick, which
is a necessary first step in monitoring the influence of
meteorological factors determining the development
of clinical TBE. The estimated time between the infes-
tation of a human by an infected IR tick and the onset
of the first symptoms corresponds to a large extent to
the term incubation period of the disease used in clini-
cal practice, but the calculation is not its net value. It
can be burdened both by the subjective perception
of patients and by the nature of the data coming from
the routine surveillance system. In addition, TBE usually
has a two-phase course and may be a mixture of two
time ranges in determining the first symptoms. From
a statistical point of view, the modelling of the time at
which an affected person has been infected with tick is
an assessment of the delayed effect/lag, and this desig-

nation is used in all models. The resulting value of lag
L = 18 (delay of the effect by 18 days) used in further
analyzes was selected based on the comparison of
models with different lags.

The basic model used relates the occurrence of TBE
to the interaction of ambient temperature and relative
air humidity with above mentioned shift, and it also in-
cludes the effect of the season and the effect of the day
of the week. Other models consider and compare the
possibility of using alternative lags, including models
based on the Almon approach, which work with mul-
tiple lags at the same time. The relationship between
the two meteorological factors and their interactions
changes during the season of host-questing IR activity,
and with it the conditions for the occurrence of new
clinical cases of TBE change, as summarized graphically
in Figure 3.

The results and their interpretations follow the studi-
es [23] and [15]. In addition, the prognosis of the risk
of IR tick attack will focus specifically on predicting the
risk of acquiring clinical TBE in real time. The presented
results can also be used to estimate the penetration of
this serious neuroinfection into new geographical ar-
eas, which will allow the expected future global climate
change.
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