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Abstract
Respiratory tract infections (RTI) are one of the most frequent reasons for medical consultations. As air temperature
decreases, but also in connection with other meteorological parameters, evident seasonal fluctuations in the number of
consultations for RTI can be observed. The Universal Thermal Climate Index (UTCI) is a complex meteorological index
derived from an analysis of human thermal balance that depends on air temperature, air humidity, and wind speed. Our
aims were to check if this index, although never used before for that purpose, is an adequate tool for forecasting seasonal
increases in RTI prevalence. This study is a retrospective analysis of patients’ consultations with general practitioners in
the period of 2012–2015 (453,674 records) recorded in the city of Olsztyn (Poland), which is characterized by a cold
climate type (Dfb). The values of air temperature, atmospheric pressure, relative air humidity, wind speed, and UTCI
were used for a statistical analysis and a mathematical analysis of curve fitting in order to determine correlations
between analyzed meteorological parameters and a number of medical consultations for RTI. Analysis of the number
of medical consultations for RTI revealed an evident seasonal pattern in a 4-year observation period, with a strong
inverse correlation between the number of patients with RTI and the UTCI. A statistically significant increase in the
number of patients with RTI appeared when the UTCI decreased, especially when it reached the classes of strong cold
stress and very strong cold stress. In conclusion, the UTCI is a valuable predictive parameter for forecasting seasonal
increases in RTI cases. Its decrease may initiate a seasonal increased prevalence. This effect is strongest about the 10th
day following a change in the thermal climate conditions and is not continuous. A larger number of consultations for
RTI after weekends and holidays (the Monday effect) may blur the results of statistical analyses.

Introduction

Respiratory tract infections (RTI) are one of the most frequent
reasons for medical consultations within a healthcare system.
It is estimated that a quarter of the population visits general
practitioners (GP) for RTI each year (NICE CfCPa 2008).
These infections, irrespective of their etiology (viral, bacteri-
al), are characterized by a similar, usually a few days long,
incubation period, a similar transmission mode by droplets,
and—especially in a moderate climate—a commonly known
relationship between a drop in air temperature, an increase in
air humidity, and an increase in the number of RTI cases is
observed (du Prel et al. 2009). Nastos and Matzarakis in their
study based in Athens (Greece, Csa, temperate climate type,
with dry and hot summer according to the updated Köppen-
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Geiger climate classification) reported a statistically signifi-
cant difference in the number of GP consultations depending
on air temperature (minimum, maximum and mean) and ab-
solute humidity (Peel et al. 2007). They also reported a 10-day
lag between worsened weather and RTI epidemiological onset
(Nastos and Matzarakis 2006). When analyzing data from
Kajaani, Finland (Dfc, cold climate type, without dry season
and with cold summer), characterized by a different climate
zone, Makinen et al. obtained a statistically significant corre-
lation between cases of RTI and decreased air temperature
and/or decreased humidity and a similar 14-day lag for the
occurrence of RTI (Makinen et al. 2009). Hajat et al., based
on the dataset collected from primary care settings in 16 urban
locations in the UK, also described a relationship between a
drop in temperature and the number of consultations for RTI
(Hajat et al. 2004). They reported that this effect proved stron-
ger in the north and weaker in the south of the country. This
relationship between RTI occurrences and temperature has
been also described in several other studies (Danielides et al.
2002; Fielder 1989). In 2009, when analyzing reasons for the
hospitalization of children due to viral causes in Mainz
(Germany), Prel et al. reported an association between mete-
orological parameters and the cases of hospitalization for RTI.
According to their data, rhinoviruses (the most common in-
fectious agents) preferred a humid climate whereas many oth-
er respiratory pathogens, such as RSV (respiratory syncytial
virus) and influenza A, favored low temperatures (du Prel
et al. 2009).

The increased interest of researchers in biometeorological
conditions for RTI occurrences includes not only outdoor air
temperatures (maximum, minimum, mean), but also wind
speed, air humidity, and other meteorological parameters
(Liu et al. 2016). Biometeorology employs various methods
and indices as well as mathematical models to determine re-
lationships between meteorological parameters and human
health (Epstein and Moran 2006; Lowe et al. 2018).

More complex bioclimatic indices represent relationships
between values of a few basic meteorological parameters as
empirical formulas. One of the first indices, introduced in the
1940s, was the wind chill index (WCI), which is especially
useful when assessing winter conditions (Court 1948). Other
indices include, for instance, effective temperature (ET), nor-
mal effective temperature (NET), heat stress index (HSI), or
humidex (Li and Chan 2000; Masterton and Fa 1979;
Osczevski and Bluestein 2005). It should be remembered,
however, that most of these indices do not relate directly to
physiological reactions of the human organism in response to
changing thermal conditions. Consequently, a number of com-
plex indices have been designed based on the analysis of hu-
man thermal balance, such as physiological equivalent tem-
perature (PET), perceived temperature (PT), physiological
subjective temperature (PST), and physiological strain (PhS)
(Blazejczyk 1994; Błażejczyk and McGregor 2008;

Laschewski and Jendritzky 2002; Matzarakis and Mayer
1996). The most recent index from this group is the universal
thermal climate index (UTCI), which was developed as a re-
sult of international cooperation within the framework of the
COST Action 730 (Cooperation in Science and Technical
Development) in the years 2005–2009 (Brode et al. 2012;
Jendritzky et al. 2009). The UTCI is based on the analysis of
human thermal balance with the application of the Fiala model
that is one of the most advanced multinode thermoregulatory
models (Fiala et al. 2012; Fiala et al. 1999, 2001). The UTCI is
a universal index due to its appropriateness for thermal assess-
ments in all climates, seasons, and scales (Pantavou et al.
2018; Blazejczyk et al. 2012; McGregor 2012). As compared
with other indices, the UTCI is more sensitive to changes in
the following ambient stimuli: temperature, solar radiation,
humidity, and wind speed (Blazejczyk et al. 2012).
Additionally, the UTCI, unlike, e.g., PET, is independent of
personal characteristics such as age, gender, specific activities,
and clothing (Bröde 2000).

Although the relationship between seasonal increases in
RTI occurrences and a drop in temperature is well document-
ed, the time lag between these two phenomena still remains
unclear. Moreover, it should be remembered that this correla-
tion is not continuous and the worsening of weather condi-
tions is only one of the elements that initiate an epidemiolog-
ical cascade. Work organizational issues are one of the factors
that blur methodological correctness of analyses concerning
the number of patients admitted within the framework of the
healthcare system. If the daily (or even hourly) analysis of
meteorological parameters is methodologically sound, the
analysis of patients’ daily admissions raises doubts due to
the organizational framework of the healthcare system
(Buckingham-Jeffery et al. 2017; Whynes et al. 1999). The
frequency of patients’ daily visits as regards outpatient clinics
is uneven and ranges from a minimal number on weekends to
maximal values on Mondays, a phenomenon that we termed
“the Monday effect”.

In this paper, we suggest that the UTCI should be ap-
plied to predict consultations for RTI within the healthcare
system framework just by monitoring daily UTCI values
based on a mathematical model attenuating “the Monday
effect”.

Materials and methods

Study population

The study is a retrospective analysis of an epidemiological
dataset based on the register of patients’ admissions within
the framework of the healthcare system in the city of
Olsztyn (north-eastern Poland). Olsztyn has a population
of 180,000 inhabitants. The dataset was created on the
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basis of medical records from two primary care institutions
(non-public primary healthcare centre Atarax and
Pantamed limited liability company), a service register of
the Regional Ambulance Station and a register of admis-
sions at the Emergency Department of the Regional
Specialist Hospital in Olsztyn. Primary care centers are
opened from 8:00 to 18:00 h Monday to Friday, and pro-
vide medical care for about 20,500 patients daily (the ac-
tive list changes every day; however, these changes are
minimal as compared to the total number of patients).
The maximal and minimal records of admitted patients in
both practices within the analyzed period were Atarax;
6402/6855, Pantamed; 13913/14147, respectively. The
Emergency Department of the Regional Hospital is the
largest one out of three departments in the city of
Olsztyn. Patients are referred there by their GPs, are
brought in by the Emergency Service, and report directly
if they believe their health conditions require immediate
help. The Regional Ambulance Station provides services
for the municipal commune of Olsztyn and three smaller
sub-municipal communes, including the population of
approx. 200,000 people in total. Both the Emergency
Department of the Regional Hospital and the Regional
Ambulance Station work within the 24/7 service system.
In our study, we used all medical records registered in
these institutions from 01.01.2012 to 31.12.2015,
consisting in total of 452,674 records. From this number,
67548 records were selected for the purpose of this analy-
sis, as they represented diagnoses from J00 to J22 (respi-
ratory tract infections) and A38 (scarlet fever) according to
ICD 10 (the 10th revision of the International Statistical
Classification of Diseases and Related Health Problems),
(WHO 1992).

During the 4-year observation period, 67,548 patients with
RTI were recorded, 56.8% of whom were females and 43.2%
males (Table 1). Out of the total number of patients, as many
as 33,401 (49.5%) infected patients were younger than
16 years of age and 15,237 (22.6%) patients were between

the ages of 17–35, while 5626 (8.32%) were older than
65 years of age (Table 1).

Depending on the age group, RTI amounted to 4–5% up to
50–51% of the causes for consultations within the healthcare
system (Fig. 1).

The majority (96.6%) of the examined consultations
occurred in primary care centers (opened from Monday
to Friday). Significant differences (p < 0.05) in the num-
ber of consultations were revealed for particular weekdays
(Table 2).

Meteorological data

Meteorological data for the period of analysis, i.e., 2012–
2015, were obtained from the Olsztyn weather station belong-
ing to the Institute of Meteorology and Water Management in
Warsaw, Poland. Olsztyn is characterized by a cold climate,
without dry season and with warm summer (Dfb, Peel et al.
2007). An evident annual seasonal pattern of weather condi-
tions determines the occurrence of 4 seasons. January was the
coldest month during the analyzed period, with a mean air
temperature of − 2.5 °C; July was the warmest, with a mean
temperature of 18.9 °C. The annual precipitation rate was
550 mm, and relative humidity amounted to 79%. The mean
wind speed was 3 m/s, whereas the strongest wind was record-
ed in winter (December, January).

On each day, UTCI values were calculated for 6:00,
12:00, and 18:00 Coordinated Universal Time (UTC). For
the calculations of universal thermal climate index, the
following simplified equation (Eq. 1) was applied
(Błażejczyk 2011):

UTCIh ¼ 3:21þ 0:872 � Tair þ 0:2459

�Mrt–2:5078 �WS–0:0176 � RH
ð1Þ

where UTCIh universal thermal climate index calculated
for hours (h); 6:00, 12:00, and 18:00 using meteorological
data from these hours, Tair air temperature (°C), Mrt mean

Table 1 Age groups of patients with RTI in Olsztyn in the period of 2012–2015

Age group Females Males Total males and females

Symbol Number F (%) Total (%) Symbol Number M (%) Total (%) Number Total (%)

0 to 1 F1 2355 6.14 3.49 M1 2926 10.03 4.33 5281 7.82

2 to 3 F2 3944 10.28 5.84 M2 4235 14.51 6.27 8179 12.12

4 to 6 F3 4985 12.99 7.38 M3 5289 18.12 7.83 10,274 15.21

7 to 16 F4 4940 12.88 7.31 M4 4727 16.20 7.00 9667 14.31

17 to 35 F5 9633 25.11 14.26 M5 5604 19.20 8.30 15,237 22.56

36 to 64 F6 8732 22.76 12.93 M6 4552 15.60 6.74 13,284 19.66

≥ 65 F7 3772 9.83 5.58 M7 1854 6.35 2.74 5626 8.32

Total – 38,361 100 56.79 – 29,187 100 43.21 67,548 100
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radiant temperature (°C), WS wind speed at 10 m above
ground (m s−1), RH relative humidity of air (%).

From the UTCI values calculated on a given day, the value
indicating the most severe conditions was selected to represent
and assess thermal load on that day. UTCI values are classified
by taking into account the intensity of the organism’s physio-
logical reactions during specific meteorological conditions,
which is associated with the necessity of employing various
protective means against overheating and hypothermia. Heat
stress may appear on days characterized by high temperature
and intensive solar radiation. Among the UTCI heat stress
classes that appeared during the period of our study were
UTCI_ +1 (moderate) (with temperatures from 26.1 to
32.0 °C), UTCI_ +2 (strong) (from 32.1 to 38.0 °C),
UTCI_ +3 (very strong) (38.1 to 46.0 °C), and UTCI_ +4
(extreme) (> 46.0 °C). Cold stress, on the other hand, might
be experienced when air temperature is low and wind speed is
high. Among UTCI cold stress classes were indicated: UTCI_

−1 (slight) (0.1 to 9.0 °C), UTCI_−2 (moderate) (from 12.9 to
237 0.0 °C), UTCI_−3 (strong) (− 26.9 to − 13.0), UTCI_−4
(very strong) (from− 39.9 to − 27.0 °C), and UTCI _−5
(extreme) (< − 40.0 °C). Thermoneutral conditions (UTCI
class O) refer to conditions when UTCI values indicate the
absence of heat stress, thus ranging from 9.1 to 26 °C. Based
on such assumptions, it is possible to divide thermal condi-
tions into classes and ascribe patients with RTI to these classes
(Table 3).

Statistical analyses

A preliminary and exploratory statistical analysis was carried
out by a traditional approach, i.e., by evaluating the relation-
ships between daily consultations rates and daily weather data
by using a regression analysis. This examination was per-
formed for the overall group of 67,548 patients and for seven
different age groups: younger than 1 year; from 2 to 3 years;
from 4 to 6 years; from 7 to 16 years; from 17 to 35 years;
from 36 to 64 years; and older than 65 years of age.

A one-way analysis of variance (ANOVA) with the
Tukey’s multiple comparison test (p < 0.05) as a post hoc pro-
cedure was used to test differences between numbers of ad-
missions for RTI during consecutive days of a week (Table 2)
as well as between groups of infected patients in UTCI clas-
ses. The mean abundances and standard deviations (± SD)
were calculated using Dell™ Statistica™ 13.1.

Values of mean daily air temperature (Tair), air pressure
(Patm), relative humidity (RH), wind speed (WS), and UTCI
were used to analyze the relationship between the occurrences
of infectious diseases (RTI) and weather conditions via a par-
tial least squares regression (PLS-R). This is a technique that
combines features from a principal component analysis (PCA)
and a multiple linear regression method (Fleming et al. 2002).
The PLS-R model is based on a linear combination of the

Fig. 1 Share of age groups and
gender in admissions due to
infectious diseases versus total
number of admissions (gray). F
stands for females, while M
stands for males. F1 and M1 from
0 to 1 year old; F2 and M2 from 2
to 3 years old; F3 and M3 from 4
to 6 years old; F4 and M4 from 7
to 16 years old; F5 and M5 from
17 to 35 years old; F6 and M6
from 36 to 64 years old; F7, M7 ≥
65 years old.

Table 2 Number of
admissions (%) of
patients with RTI in
Olsztyn in the period of
2012–2015 on specific
weekdays

Day of week Admissions (%)

Monday 27.53d

Tuesday 19.04c

Wednesday 17.25bc

Thursday 16.66b

Friday 18.49bc

Saturday 0.54a

Sunday 0.49a

Statistical significance was determined
with the variance analysis (one-way
ANOVA, post hoc Tukey’s HSD test).
Groups of mean values that do not differ
statistically are marked with the same let-
ters (standard error: mean square (MS) be-
tween groups = 689.65, degree of freedom
(df) = 1454.0, for p < 0.0001)
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original scores that aim at the best representation of the re-
sponse variable, hereafter the number of RTI admissions (Y).
It is a useful technique when the problem of multi-colinearity
appears (e.g., between the UTCI and temperature). As part of
PLS-R analyses, the procedure of importance for the projec-
tion (VIP) for each explanatory variable, hereafter meteoro-
logical factor (X) was performed to show which of them con-
tribute most to the model. AVIP value > 1 indicates that the
variable is very relevant in the process of explaining Y, where-
by parameters with a VIP < 0.8 contribute little to the predic-
tion (Henningsson et al. 2001). All PLS-R analyses were per-
formed using the XLSTAT ver. 2018.3 software for data anal-
ysis and statistical application available for Microsoft Excel®
by Addinsoft.

Mathematical analysis

For reasons explained in the Introduction and referring to the
aim of the study (the Monday effect, lack of event continuity),
in order to calculate the relationship between the UTCI and the
number of admissions for RTI, a mathematical method of
curve fitting was applied.

By an infectious disease outbreak we mean the rapid in-
crease in the number of admissions to healthcare system insti-
tutions. To identify the outbreak, we adopted the following
real-valued functions (Eq. 2and Eq. 3):

f 1 tð Þ≔e
wt−wt−1
wt−1 −1 ð2Þ

and

f 2 tð Þ≔e
wt−wt−2
wt−2 −1; ð3Þ

where wt denotes the number of admissions during the week
number t, wt − 1 denotes the number of admissions during the
week number t − 1, and wt − 2 denotes the number of admis-
sions during the week number t − 2. Notice that f1 (f2, respec-
tively) measures the exponential of the relative increase in the
number of admissions with respect to the number of admis-
sions the week before (2 weeks before, respectively).
Therefore f1 and f2 grow exponentially with the relative in-
crease of admissions.

To determine a relationship between admissions and UTCI
values, we take the extremal (minimum ormaximum) value of
daily UTCI from each week (i.e., for each weekwe set a UTCI
value as the extremal UTCI value among the corresponding
seven daily ones). Note that UTCI values associated to colder
thermal stress occur in the winter season, and those associated
to hotter thermal stress occur in summer season. Thus, the
UTCI value can be approximated by a periodic function of
time (within a 1-year period). We use the following function
(Eq.4):

g tð Þ ¼ a0 þ a1cos Atð Þ þ b1sin Atð Þ ð4Þ
and calculate the coefficients a0, a1, b1, and A using Curve
Fitting Tool from Matlab (The MathWorks). The goodness
of the curve fitting is expressed using the R-squared [Eq. 5
- Eq. 8]

Table 3 Percentage share of admissions for RTI depending on the UTCI class and month for Olsztyn in the period of 2012–2015

UTCI Cold stress Thermo-
neutral
conditions

Heat stress Total
(%)

Extreme Very strong Strong Moderate Slight Moderate Strong Very
strong

Extreme

< − 40.0 − 39.9 to
− 27.0

− 26.9 to
− 13.0

− 12.9 to
0.0

0.1 to
9.0

9.1 to 26.0 26.1 to
32.0

32.1 to
38.0

38.1 to
46.0

> 46.0

Class of thermal
stress

− 5 − 4 − 3 − 2 − 1 0 + 1 + 2 + 3 + 4 –

January 0.32 3.64 7.00 0.07 11.03

February 1.49 8.57 1.06 11.11

March 0.00 1.57 7.04 4.09 0.01 12.71

April 0.23 2.98 3.46 1.73 8.41

May 0.23 2.98 3.46 1.73 5.76

June 0.00 4.82 1.02 0.07 5.91

July 0.00 2.22 2.02 0.31 0.00 4.56

August 2.07 0.61 0.35 0.03 3.06

September 0.34 3.05 4.34 7.74

October 2.48 6.92 1.31 10.71

November 0.11 5.13 3.66 0.10 8.99

December 0.00 1.96 7.58 0.47 10.00

Total (%) – 0.32 9.22 44.10 26.25 18.35 3.65 0.73 0.03 – 100

Int J Biometeorol (2019) 63:1231–1241 1235



R−squared ¼ 1−
S
T
; ð5Þ

S ¼ ∑
n

i¼1
y tið Þ−g tið Þð Þ2; ð6Þ

T ¼ ∑
n

i¼1
y tið Þ−y

� �2
; ð7Þ

y ¼ 1

n
∑
n

i¼1
y tið Þ; ð8Þ

where ti denotes the ith week, y(ti) is the UTCI value in the
ith week, and g(ti) is the predicted UTCI value in the ith
week. Next, we find values of the function, i.e., the UTCI
values, corresponding to the weeks in which the outbreaks
occurred.

Ethic statement

This is a retrospective epidemiological study of medical
events registered routinely in the healthcare system. Such
observational analyses do not require the consent of the
Ethical Committee. Data necessary for analysis were ob-
tained with consent of the heads of all four medical insti-
tutions (data were anonymous) and provided by them.
Personal details of patients were not processed during
the study.

Results

The analysis of daily medical consultations of patients
with RTI revealed an evident seasonal pattern during a
4-year observation period (Fig. 2). The curve illustrating
admissions for RTI is of sinusoidal shape which adversely
follows the sinusoidal waveform of UTCI values.
Extremely high UTCI values, generally achieved in sum-
mer, correspond to minimal numbers of patients’

consultations for RTI, and this tendency is seen as re-
versed in winter: low UTCI values correspond to in-
creased numbers of admissions for RTI.

The inversely proportional relationship of daily chang-
es in the number of patients with RTI in relation to UTCI
values is confirmed when comparing the share of infec-
tious diseases in the groups of females and males in rela-
tion to UTCI classes (Fig. 3). Irrespective of gender, a
statistically significantly higher number of consultations
for RTI was revealed for UTCI classes − 3, − 2, and − 1
(one-way ANOVA, Tukey’s test, p < 0.001), whereas
UTCI classes + 1, + 2, and + 3 created a homogenous
group with a statistically significantly lower number of
admissions of patients with RTI (Fig. 3). UTCI 0 repre-
sents a thermoneutral class that differs significantly from
other UTCI classes (except for class − 1 for males).

Using daily numbers of admissions for RTI in relation to
UTCI values yields satisfactory results in analyzing long-
term relationships (e.g., seasonal patterns), demonstrating
a generalized cause-effect trend (Fig. 2). Short-term data
analyses, however, require careful attention due to the al-
ready mentioned “Monday effect”, as a result of which
after weekends and holidays, when primary care centers
are closed, aggregated numbers of admissions were ob-
served (Table 4).

Having a complementary epidemiological and meteo-
rological dataset of many years at our disposal, we used a
mathematical model based on the curve fitting model
(Fig. 4) to calculate an actual time lag of epidemiological
outbreaks. In order to reduce “the Monday effect”, we
used temporal (weekly) time intervals (N = 208). We ob-
tained four distinct outbreaks (see Fig. 4) in the dataset: I
(between 36 and 38 weeks of observation) (Autumn
2012); II (between 88 and 90 weeks of observation)
(Autumn 2013); III (between 140 and 142 weeks of ob-
servation) (Autumn 2014), and IV (between 192 and
194 weeks of observation) (Autumn 2015). In the case

Fig. 2 Actual daily number of consultations for RTI within the healthcare system in the city of Olsztyn and UTCI values in the analyzed period of 2012–
2015
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of each outbreak (I–IV, Fig. 4), the number of weekly
admissions was more than doubled within 2 weeks.

The application of the infection prediction model based on
the weekly data is presented as a graph of the function g(t) in
Fig. 5.

With the use of a Matlab Curve Fitting Tool, the coeffi-
cients applied to Eq. 3 are as follows: a0 = − 1.23; a1 = −
15.57; b1 = − 7.16; A = 0.12, whereas the goodness of the
curve fitting (Eqs. 4–6) expressed by R − squared = 0.82. We
obtained the following values of g corresponding to weeks in
which the four outbreaks (see Fig. 4) occurred:

gI w37ð Þ ¼ 9:85; gII w89ð Þ ¼ 10:41; gIII w141ð Þ
¼ 10:94; gIV w193ð Þ ¼ 11:45

This means that the values of the function g(t), i.e., the
UTCI values, at the observed outbreaks ranged from 9.85 to
11.45 °C (Fig. 5). Thus, in weeks corresponding to the out-
breaks, the function decreases and attains an average value of
about 10.5. Moreover, in order to eliminate the impact of “the
Monday effect” and confirm a general relationship between
UTCI and RTI, we performed linear correlation analysis
(Fig. 6) based on weekly data. It demonstrates a strong inverse
correlation (r = − 0.757) between UTCI values (weekly mean)
and the number of admissions for RTI.

To visualize the multidimensional data structure between
UTCI values, meteorological parameters investigated, and the
number of admissions among females and males, a biplot of
scores and correlation loadings were constructed based on a

Table 4 Matrix of Pearson’s correlation coefficients between the number of admissions on a given day and on consecutive days following a particular
UTCI value

D + 0 D + 1 D + 2 D + 3 D + 4 D + 5 D + 6 D + 7 D + 8 D + 9 D + 10 D + 11 D + 12 D + 13 D + 14

D + 0 –

D+ 1 ** –

D+ 2 * ** –

D+ 3 * * ** –

D+ 4 * * * ** –

D+ 5 * * * * ** –

D+ 6 ** * * * * ** –

D+ 7 *** ** * * * * ** –

D+ 8 ** *** ** * * * * ** –

D+ 9 * ** *** ** * * * * ** –

D+ 10 * * ** *** ** * * * * ** –

D+ 11 * * * ** *** ** * * * * ** –

D+ 12 * * * * ** *** ** * * * * ** –

D+ 13 ** * * * * ** *** ** * * * * ** –

D+ 14 *** ** * * * * ** *** ** * * * * ** –

D+ 0 denotes a number of admissions observed for the UTCI_0 value on the same day; D + 1 refers to the number of admissions with a 1-day lag, D + 2
two-day lag, etc. *r ranged from 0.085 to 0.138; **r ranged from 0.229 to 0.265; ***r ranged from 0.841 to 0.876 at p < 0.001

Fig. 3 Histograms of males and females admissions for RTI according to
UTCI class. Analysis of variance (one-way ANOVA) was used to test
differences between groups of males and females with RTI according to

the UTCI class. The groups with the same letter are not statistically dif-
ferent in Tukey’s test at p < 0.001
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PLS-R model (Fig. 7A). The plot graphically summarizes
which of the weather-related factors controls RTI. In compo-
nent 1, 49.4% of the variance in the set of explanatory variables
(X) was used to explain 54.7% of the variance for the response
variables (Y). In component 2, 64.8% in the set of explanatory
variables Xwas used to explain 57.7% of the response variables
(Y). Q2, as a measure of goodness of prediction, showed that
component 1 and component 2 almost equally contribute to the
model quality Q2 (52.8% and 52.3%, respectively).

Among meteorological factors controlling the largest num-
ber of admissions for RTI, the UTCI and air temperature
values were highly negatively correlated (r = − 0.998,
p < 0.001), regardless of gender (Fig. 7A). RTI admissions
were generally less associated with RH (r = 0.521 p < 0.01),
whereas atmospheric pressure (Patm) and wind speed (WS)
appeared not to be statistically significant factors as p > 0.05.
Important explanatory variables (VIP > 1) in the weather-
factored projection for RTI (Fig. 7C) created the following
decreasing order: UTCI > Tair > RH > Patm >WS.

Discussion

Respiratory tract infectious diseases are responsible for the
majority of admissions to healthcare system institutions

(Fleming et al. 2002). In our study based in Olsztyn, Poland
(period 2012–2015), they account for approx. 15% of the total
number of consultations. Such infections are also the major
cause of admissions of children and youth (Fig. 1, Table 1)
and demonstrate a seasonal pattern (Fig. 2). The number of
RTI occurrences depends on air temperature, air humidity, but
mostly on UTCI values (Fig. 6). A statistically significant
increase in the number of RTI appears when the UTCI class
changes, especially when the index value drops by two classes
in connection with the appearance of cold stress (Fig. 3).

The presented results of analysis “performed with the curve
fitting method based on weekly data” indicate an evident tem-
poral relationship between a change in the thermal climate
conditions and the initiation of the epidemiological cascade
(Fig. 4), which can be of significance for precautionary plan-
ning. Each evident drop in the UTCI value (usually in the
autumn season) results within 2 weeks in a significant increase
in the number of RTI cases. The UTCI values of the function
g(t) for all 4 observed RTI outbreaks ranged from 9.85 to
11.45 UTCI (Fig. 5). However, a further drop in °C values
does not lead to such a significant increase in RTI occurrences
(Fig. 4). This observation is quite obvious from an epidemio-
logical perspective. RTI, irrespective of etiology, are infec-
tious diseases which are subject to the laws of epidemiological
dynamics (Li et al. 2009; Stilianakis and Drossinos 2010).

Fig. 4 Graph f_1 (solid red line)
showing a relative increase in
weekly admissions for RTI in
Olsztyn in the period of 2012–
2015 when compared with a 1-
week lag and graph f_2 (dashed
black line) showing a relative in-
crease in weekly admissions for
RTI when compared with a 2-
week lag. I, II, III, and IV—
outbreaks of admissions with RTI
observed in the period 2012–2015

Fig. 5 Periodic function g(t) of
UTCI values (y)
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This is important because it draws attention to the fact that the
relationship between decreased air temperature and increased
numbers of RTI cases is not linear. It is very easy, then, to
make some simplifications, an example of which is the as-
sumption of continuity of function in relation between atmo-
spheric conditions and the number of diseases due to RTI. If
that was the amount, RTI would grow all the time with the
decrease of UTCI.

When analyzing the lagged impact of meteorological pa-
rameter changes on the epidemiological effect, the analysis of

Pearson’s linear correlation coefficients between mean daily
values of UTCI and the number of daily consultations for RTI
(Table 4) clearly demonstrates a 7-day lag (D + 7 and D + 14)
in the increased number of admissions in relation to the oc-
currence of the potential reason, i.e., a drop in the UTCI value
or class.

Despite a statistically significant relationship between a
decrease in the UTCI value and an increase in the number of
admissions for RTI calculated on the basis of a daily dataset,
such an analysis, in our opinion, should not be employed for
determining the temporal lag and the associated epidemiolog-
ical forecasting. The relationship termed by us “the Monday
effect” (Table 2) burdens such an analysis with a methodolog-
ical error resulting from the work organization in the
healthcare system. A significantly higher number of admis-
sions on Mondays (27.5%) are associated with the lack of or
difficult access to the healthcare system institutions on week-
ends. We believe that studies based on data obtained from
primary care centers should definitely account for the
Monday effect (Tables 2 and 4). Thus, we recommend longer
intervals to be used in such analyses. Even if in a given coun-
try, primary care centers work within the 24/7 system, acces-
sibility to healthcare institutions on weekends, and holidays is
always somewhat limited (duty system, higher fees for ser-
vice, etc.) (Masseria et al. 2009). In a study based on data
collected in Athens (Greece), Nastos andMatzarakis observed
a seasonal drop in GP consultations for RTI in December and
stresses that this decrease may result from limited accessibility
to medical services during Christmas. However, they did not

Fig. 7 Correlation circle of partial least squares (PLS) regression (A),
illustrating the correlations of infectious diseases (response variables Y)
and meteorological parameters (explanatory variables X) with the first
two axes associated to the first two components. The percentages of the
variances in X and Y explained by each variable are indicated on the
respective axes. The inner dashed circle denotes the correlation coeffi-
cient r = 0.75. (B) Model quality is based on three quality indices

reported: Q2(cum), R2Y(cum), and R2X(cum). The Q2(cum) index repre-
sents a global contribution of the components and identifies the most
stable model when it approaches 1. (C) VIPs (variable importance for
the projection) for each explanatory variable. Explanatory variables that
contribute most to the PLS model are characterized by VIPs > 1 and are
indicated in red

Fig. 6 Linear regression between the weekly number of patients with RTI
and corresponding mean UTCI values
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analyze accessibility to medical services on weekends (Nastos
and Matzarakis 2006). Some authors circumvented this prob-
lem by providing weekly analyses (Costilla-Esquivel et al.
2014; Falagas et al. 2008; Sundell et al. 2016). Such a mode
of analysis, despite retaining basic relationships (Fig. 6), pre-
cludes the possibility of calculating the lag in the epidemio-
logical effect in relation to the actual meteorological situation.

As a result of our research, we also recognized that the
human thermal environment leading to RTI occurrences cannot
be represented with just a single parameter such as air temper-
ature due to its various degrees of impacting on the human
organism in different climatic zones. According to Jendritzky,
for warm conditions, such indices consist usually of combina-
tions of air temperature and one of a variety of indices for
humidity, while for cold conditions the combination consists
typically of air temperature related in some way with wind
speed (Jendritzky et al. 2012). A number of papers have been
published that demonstrate relationships between, for instance,
humidity and RTI occurrences (Costilla-Esquivel et al. 2014;
Gardinassi et al. 2012; Ho et al. 2018; Khor et al. 2012;
Makinen et al. 2009). The relationship between air temperature
and the number of consultations for RTI in moderate and cold
climates is usually the same (the lower the air temperature, the
larger the number of admissions for RTI) (Shiue et al. 2014;
Donaldson et al. 2012). This correlation, however, may be dif-
ferent in tropical climates or others. While not negating the
relationships reported by other authors (in our study air temper-
ature is also significant), we wish to draw attention to the fact
that comparisons of results obtained in countries from different
climatic zones may lead to erroneous conclusions.

In our opinion, by combining 4 basic meteorological pa-
rameters, the UTCI is a definitely more reliable index to be
used in analyses of weather-related infections than single or
doublemeteorological parameters (Zare et al. 2018). The anal-
ysis of admissions for RTI in the moderate transitional climate
of Central and Eastern Europe presented in our study demon-
strated a strong impact of both air temperature and relative
humidity, and a very weak impact of atmospheric pressure
and wind speed (Fig. 7A–C).

The results of our epidemiological study, based on a cause-
effect related approach, showed that the UTCI is a promising
parameter which could be effectively used in precautionary
planning and should be considered in developing appropriate
operational products for the public health system. The advan-
tage of the UTCI is its standardized value which might be
successfully applied in different climates.

Conclusions

The UTCI is a valuable predictive parameter for forecasting sea-
sonal increases in RTI occurrences. A statistically significant
increase in the number of RTI cases appeared when UTCI values

decreased, especially when the UTCI reached strong and very
strong cold stress classes. This effect is strongest about 7–14 days
following the change in the thermal climate conditions and is not
continuous. The described “Monday effect” may blur typical
statistical analyses, leading to erroneous conclusions.

Limitations

Although this study is based on a rather large dataset, the data
are collected only from one city and cover a relatively short
period of time, given this type of research. Data concerning
the number of daily consultations may be periodically smaller
than the demand for them. The healthcare system capacity is
limited, and it can sometimes be even smaller during RTI epi-
demics (employees’ sickness). This is another argument dem-
onstrating that such analyses should be based on weekly data.
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