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Abstract
Climate change has a high impact on health and morbidity/
mortality in respiratory system diseases and remains poorly 
investigated in probability distribution modeling. The objec-
tive of this study was to analyze the adjustments of Burr 
(Bu), Inv Gausian 3P (IG3P), Lognormal (LN), Pert (Pe), 
Rayleigh 2P (Ra 2P) and Weibull 3P (W3P) distributions of 
the historical series of hospitalizations for respiratory dis-
eases (total hospital admissions) for the period from 2004 to 
2018, in Campo Grande, MS. For the data series, the shape 
and scale parameters of the distributions were determined 
to verify the quality of fit of the observation data, the Good-
ness-of-Fit Tests (GOF): Kolmogorov-Smirnov Test, Ander-
son -Darling Test, Chi-square Test tests were used to verify 
an optimal estimate for the hospitalization data hospital.

All PDFs are able to describe well the characteristics of 
hospitalizations. The results presented (total admissions), 
(summer) show that the functions Weibull 3P (W3P) and 
Inv Gausian 3P (IG3P); (fall) show that the functions Burr 
and Weibull 3P (W3P); (winter) shows that the Burr and Inv 
Gausian 3P (IG3P) and (spring) functions for lognormal and 
Rayleigh (2P) functions provided the best observed fit for 
hospital admissions.
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Introduction
Several studies of adjustment of probability density 

distribution or probability estimates using theoretical 
models of probability in relation to a historical series of 
data have been developed, highlighting the benefits in 
the planning of activities that minimize the risks, among 
which can be cited: precipitation [1-18], air temperature 
[19-22], solar radiation [20], concentration of pollutant 
gases [23,24], for the historical series of hospital admis-
sions for respiratory diseases there are no published 
works with this methodology.

The use of probability density functions is directly 
linked to the nature of the data to which they relate. 
Some have good estimation capacity for small numbers 
of data, others require a large number of observations. 
Due to the number of parameters of your equation, 
some can take different forms, being framed in a great-
er number of situations, that is, they are more flexible. 
Since respecting the aspect of data representativeness, 
the estimates of its parameters for a given region can 
be established as general purpose, without prejudice to 
the precision in the estimation of probability [4].

Climate change has become one of the most seri-
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ous environmental concerns for urban areas in recent 
decades. Several epidemiological studies in recent 
years have reported associations between high lev-
els of climatic changes and increased rates of death 
and hospitalization for respiratory and cardiovascular 
diseases [25-31]. Some epidemiological studies show 
that air pollution affects human health, even con-
centrations of air pollutants are below the air quality 
standards [32-34].

Respiratory diseases and related mortality have 
been increasingly associated with exposure to cli-
mate change. Sensitive and vulnerable groups, such 
as pregnant women, children, the elderly, and those 
who already suffer from respiratory illnesses and 
other serious diseases, or from low-income groups, 
are especially affected by climatic variation. Studies 
have shown that the number of respiratory diseases 
in children and the elderly increases due to the higher 
concentrations of air pollution [35-41]. According to 
these studies, children are more susceptible because 
they need twice the amount of air inhaled by adults, 
and the elderly are more affected because of their 
weakened immune and respiratory systems and have 
been exposed to a large amount of air pollution in all 
your life.

In this study, we focused on determining the best 
statistical model that describes the number of hospital-
izations for the city of Campo Grande.

Methodology
Data on the number of hospitalizations for respi-

ratory diseases were used, referring to the period 
from 2004 to 2018 of Campo Grande-MS, whose geo-
graphic coordinates are: 20° 27S; 54° 37W; 530 m and 
an estimated population of 850,000 inhabitants.

Health data
For the correlation of the meteorological data with 

the aggravation of respiratory diseases, data of hospital 
admission were collected, together with the health de-
partments of the Department of Informatics of the SUS 
- Unified Health System (DATASUS).

The data available came from the Hospital Informa-
tion System of SUS (SIH/SUS), managed by the Ministry 
of Health, through the Health Care Secretariat, in con-
junction with the State Health Secretariats and the Mu-
nicipal Health Department, and processed DATASUS, of 
the Executive Secretariat of the Ministry of Health.

The hospital units, participants of the SUS (public or 
private parties), send the hospitalization information, 
made by the AIH-Hospital admission authorization, to 
the municipal managers (full management) or state 
(the others). This information is processed in DATASUS, 
generating the credits related to the services provided 
and forming a valuable database, which contains a large 
part of hospital admissions, carried out in Brazil.

It should be noted that the SIH/SUS collects vari-
ables related to hospitalizations: Identification and 
qualification of the patient, procedures, examina-
tions and medical acts performed, diagnosis, reasons 
for discharge, amounts due, etc. Through the Inter-
net, DATASUS provides the main information for tab-
ulation on the databases of the SIH/SUS.

Study area
This is an ecological study of time series. This type of 

design is characterized by studying groups of individu-
als, generally by geographic regions. In the case of this 
work the site studied is the city of Campo Grande-MS.

The study population was made up of people living 
in the city of Campo Grande who were hospitalized 
due to diseases of the respiratory system from 2004 
to 2018. We analyzed all hospitalizations with diag-
nosis of respiratory diseases from all hospitals, to the 
Unified Health System (SUS). These data are records 
of the Hospital Hospitalization Authorizations (AIH) 
of public and private hospitals and that serve the 
portion of the population that does not have private 
health plans, private or funded by companies (http:/
www.datasus.gov.br ). The information in the data-
base is: The number of the Taxpayer's Registry (CGC) 
of the hospital, the city where it is located, the age of 
the patient, sex, cause of hospitalization, procedure 
performed, patient's postal code, hospitalization, 
date of discharge or death, days of UTI stay, among 
other information. Among the information in the da-
tabase were selected for this study the date of hospi-
talization, the diagnosis, the age of the patient.

Statistical Analysis
In this study, a descriptive analysis of the variables 

was performed, we used the Burr (Bu), Inv Gausian 
3P (IG3P), Lognormal (LN), Pert (Pe), Rayleigh 2P (Ra 
2P) and Weibull 3P (W3P) functions to model hospi-
tal admission data in Campo Grande. Performance 
indicators are calculated by comparing observed val-
ues to predicted values. The observed values are the 
classified values of the observation data, while the 
predicted values are the values obtained from the ad-
justed distribution.

Probability Distributions
In this study, the efficacy of six probability dis-

tributions of a component is evaluated. We use the 
parametric probability distribution functions (pdfs) of 
a component because our data have a unimodal dis-
tribution. These six models were selected among oth-
er models of a component because of their successful 
applications according to the literature. 

Goodness-of-Fit Tests (GOF)
The GOF is used to determine the best model among 

the distributions tested in the characteristic of hospital-
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be estimated from the data).

The hypothesis regarding the distributional form 
is rejected if the test statistic, D, is greater than the 
critical value obtained from a table.

Anderson-darling test
The Anderson-Darling test (Stephens, 1974) is used 

to test if a sample of data comes from a population with 
a specific distribution. It is a modification of the Kolm-
ogorov-Smirnov (K-S) test and gives more weight to the 
tails than does the K-S test. The K-S test is distribution 
free in the sense that the critical values do not depend 
on the specific distribution being tested. The Ander-
son-Darling test makes use of the specific distribution in 
calculating critical values. This has the advantage of al-
lowing a more sensitive test and the disadvantage that 
critical values must be calculated for each distribution. 
Currently, tables of critical values are available for the 
normal, lognormal, exponential, Weibull, extreme value 
type I, and logistic distributions.

The Anderson-Darling test statistic (A) is defined as

[ ]2
1

 1

1 = -  - (2  - 1) ( )+ ln(1 - )
N

i N -i+
i

A N i lnF X F(X
N ∑

 =

     (3)

F is the cumulative distribution function of the spec-
ified distribution. Note that the Yi are the ordered data. 
The critical values for the Anderson-Darling test are de-
pendent on the specific distribution that is being test-
ed. Tabulated values and formulas have been published 
[44] for a few specific distributions (normal, lognormal, 
exponential, Weibull, logistic, extreme value type I). The 
test is a one-sided test and the hypothesis that the dis-
tribution is of a specific form is rejected if the test statis-
tic, A, is greater than the critical value.

Chi-square test
The Chi-square test 2χ  assumes that the number of 

izations for respiratory diseases. The goodness of fit test 
is performed to test the following hypothesis:

H0: The amount of monthly hospital admission data 
does not follow

H1: The amount of monthly hospital admission data 
does not follow a distribution

A couple of goodness-of-fit test have been conduct-
ed such as Kolmogorov-Smirnov test, Anderson-Darling 
test along with the chi-square test at significance level 
(α = 0.05) for choosing the best probability distribution 
[42].

Kolmogorov-smirnov test
The Kolmogorov-Smirnov test [43] is used to decide 

if a sample comes from a population with a specific dis-
tribution.

The Kolmogorov-Smirnov (K-S) test is based on the 
empirical distribution function (ECDF). Given N ordered 
data points Y1, Y2, ..., YN, the ECDF is defined as

N
n(i)E  = 
N

					            (1)

Where n(i) is the number of points less than Yi and 
the Yi are ordered from smallest to largest value. This 
is a step function that increases by 1/N at the value of 
each ordered data point.

The Kolmogorov-Smirnov test statistic (D) is defined 
as

1 <<
 - 1 = [ ] - ,  - ( )i N i i

i iD max F(Y ) F Y
N N≤ 	         (2)

Where F is the theoretical cumulative distribution of 
the distribution being tested which must be a continu-
ous distribution (i.e., no discrete distributions such as 
the binomial or Poisson), and it must be fully specified 
(i.e., the location, scale, and shape parameters cannot 

 

Figure 1: Monthly percentage of respiratory disease morbidity (DAR) in the years 2004 to 2018.
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observations is large enough so that the chi-square dis-
tribution provides a good approximation as the distribu-
tion of test statistic. The Chi-squared statistic is defined 
as

 ( )2

= 1

 - 
 = 

k
i i

i i

O E
χ

E∑ 				            (4)

Where Oi is observed frequency, Ei is expected fre-
quency, ‘i’ is number observations (1, 2, ……k), calculat-
ed by Ei= F(X2) – F(X1), F is the CDF of the probability 
distribution being tested.

The observed number of observation (k) in interval ‘i’ 
is computed from equation given below

2= 1 + logk n 				            (5)

Where n is sample size.

This equation is for continuous sample data only and 
is used to determine if a sample comes from a popula-
tion with a specific distribution [42].

Result and Discussion 

Descriptions of hospitalizations of respiratory dis-
eases

Figure 1 illustrates a typical pattern of hospital ad-
missions (morbidity) for respiratory diseases, the av-
erage of the months of the years 2004 to 2018, as an 
example of a typical pattern.

During the study period (January 1, 2004 to Decem-
ber 31, 2018) the number of hospitalizations for respi-
ratory diseases was 63,316, with an average of 4221 
hospitalizations per month, with a maximum number of 
hospitalizations from May to October (Table 1).

Figure 1 shows the behavior of mean monthly ad-
missions for respiratory diseases. According to the data, 
a seasonal pattern was observed between periods of 
rainfall, drought and transition, especially in the months 
(April, May, June, July, August and September), where 
the peak of hospitalizations corresponding to the dry 
season, low precipitation, relative humidity and mini-
mum temperatures.

It is essential to recognize that social and eco-
nomic factors play a significant role in predicting the 
change in the risk of infectious diseases caused by 
climate change [45-47]. Some populations and re-
gions are more vulnerable to high risks because of 

their inability to respond effectively to the tensions 
and challenges posed by climate change [48-50]. Vul-
nerability levels are partly a function of the programs 
and measures implemented to reduce the burden of 
climate-sensitive health determinants and outcomes, 
and partly to the success of traditional public health 
practices, including access to safe and better drink-
ing water, sanitation and biosafety and surveillance 
programs to identify and respond to outbreaks of 
infectious diseases [48,51-53]. The vulnerability of a 
society to climate change induced by the risk to the 
health of infectious diseases is related to its social de-
velopment. Many infectious diseases often occur in 
developing countries after tropical cyclones, but are 
rare in developed countries [54].

The vulnerability of a society to climate change in-
duced by the risk to the health of infectious diseases 
is even more related to the public health system and 
to the existing infrastructure. Developing countries 
tend to be more sensitive to a high health risk posed 
by climate change because of the lack of resources 
and capacities for their public health system to effec-
tively respond to the various challenges. Vulnerability 
to changes in the risks of infectious diseases can be 
reduced by appropriate adaptation measures. Adap-
tation can be effective in addressing the challenges 
posed by climate change. It is important to emphasize 
that the success of a proactive adaptation depends to 
a large extent on the correct prediction of the change 
from the health risk scenario to infectious diseases.

Adaptation measures may be informed by better 
weather forecasts, including prediction of extreme 
weather events and weather hazards. By developing 
an early warning system based on accurate weather 
forecasts, a society can better prepare for the health 
risks related to climate change.

Souza and Santos [55] calculated hospitalizations 
attributed to heat and cold, defined as temperatures 
above and below optimal temperature and for mod-
erate and extreme temperatures, defined using cutoff 
point the 2.5th and 97.5th percentiles. They analyzed 
148, 849 admissions in several periods. In total, 6.62% 
(95% IC-6.53-6.82) was due to the non-optimal tem-
perature. The percentile minimum morbidity tempera-
ture ranged from approximately the 60th percentile. 
The temperatures attributable to hospitalization were 

Table 1: Descriptive statistics of hospital admissions.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Mean 541 550 570 670 749 794 825 776 790 712 679 630

Stdev 56 55 58 73 88 68 106 94 74 74 51 57

Median 288 297 288 347 375 394 396 393 401 355 354 326

Minimum 127 177 188 251 224 269 253 284 254 282 276 246

Maimum 341 354 375 490 506 536 676 681 514 558 452 418

Skewness -2 -1 0 0 0 0 1 2 0 1 0 0

https://doi.org/10.23937/2474-3658/1510098
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cus-purulent bronchitis, emphysema, asthma, mal-
aise asthmaticus and bronchiectasis (490-496 and 
J40-J47) with 19.3%. Third, with 11.3% and a daily 
average of 5.2, there were the other upper airway 
diseases (470-478 and J30-J39), such as allergic and 
vasomotor rhinitis, rhinitis, chronic nasopharyngitis 
and pharyngitis, chronic sinusitis, nasal polyp, other 
disorders of the nose and paranasal sinuses, chronic 
diseases of the tonsils and adenoids, chronic laryngi-
tis and laryngotracheitis. Other acute lower respira-
tory infections (466 and J20-J22), such as acute bron-
chitis and bronchitis, which had a daily mean of 2.8 
and accounted for 6% of all hospitalizations. Final-
ly, acute upper respiratory infections (460-465 and 
J00-J06) accounted for 4.3% of hospital admissions, 
with a daily average of 2.0. These diseases were as 
follows: Acute nasopharyngitis (common cold), si-
nusitis, pharyngitis, tonsillitis, laryngitis, obstructive 
laryngitis, epiglottitis and tracheitis. The other dis-
eases of the respiratory system did not reach 2.0 hos-
pitalizations and had a very low percentage - except 
for the grouping of unspecified diseases (508 and 
J95-J99), which represented 4.9% of hospitalizations 
and a daily average of 2.2. However, this grouping, 
as its name implies, represents unspecified diseases 
and, therefore, it is not possible to know the actual 
cause of hospitalizations.

Probability distributions and their parameter es-
timation

The parameters of the estimates of the tested 
distributions are presented in Table 2, these parame-
ters are obtained ‘using the Matlab software. Figure 
2 shows, respectively, the histogram of the hospital 
admissions of hospitalizations of the years 2004 to 
2018, adjusted by the six probability density func-
tions studied and their cumulative frequency adjust-
ed by the six functions of cumulative distribution.

Total hospital admissions (DAR)
Table 2, Table 3, Figure 2.

Hospital admission for summer
 Table 4, Table 5, Figure 3.

Hospital admission for autumn 
Table 6, Table 7, Figure 4.

Hospital admission for winter
Table 8, Table 9, Figure 5.

Hospital admission for Spring
Table 10, Table 11, Figure 6.

The statistical parameters for assessing the suit-
ability of the analyzed PDFs are presented in Table 
3, Table 5, Table 7 and Table 9. All the PDFs are able 
to describe well the characteristics of the hospital-

caused by cold (6.38%, 95% IC 6.04-6.58) rather than by 
heat (0.39%, 0.28-0.42).

Little evidence is available on the association be-
tween ozone exposure and health in Campo Grande, 
Brazil [56] examined the effects of surface ozone con-
centrations (O3) on respiratory morbidity in Campo 
Grande, Brazil. A Poisson time series model was used to 
examine the effects of O3 on hospital admissions, while 
controlling for seasonality, long-term trend, tempera-
ture, and relative humidity. A nonlinear distributed de-
lay function was used for O3, temperature and relative 
humidity. We examined the effects of O3 in different age 
groups (0-4 years, 5-60 years and > 60 years). The rela-
tionship between ozone and respiratory morbidity was 
not linear, with a threshold of 13 ppb (less than 25% 
of the ozone distribution percentage). The relative risk 
of hospital admission at the 75th percentile of the O3 
distribution compared to 25% of the O3 distribution per-
centile. The effect of O3 on respiratory morbidity was 
delayed by two days and lasted 4 days for all age groups, 
except for people between 5 and 60 years. Children and 
the elderly were much more vulnerable to ozone pollu-
tion than people aged 5 to 60. The study suggests that 
ozone pollution has negative impacts on respiratory 
diseases in Campo Grande, Brazil. Children and the el-
derly were susceptible to exposure to O3. These findings 
should be used to develop policies to protect people 
from O3 pollution.

When comparing this pattern with the burned in-
dexes, it is observed an increase in respiratory atten-
dance due to the fires, between August, September 
and October that compose the dry period of the year 
and intensification of the fires and higher concentra-
tion of fires [55-57].

The use of different methods may lead to incon-
sistent or even contradictory results. For example, in 
a study investigating the climatic effects of respirato-
ry diseases in the city of Campo Grande, temperature 
accounts for a large part of the variance in a multivari-
ate Poisson regression model [55]. However, using the 
same data source, but based on an integrated autore-
gressive mobile time series model, another study re-
ported no significant association of temperature and 
hospital admissions with respiratory diseases. We must 
realize that a better understanding of the mechanisms 
of interactions requires the integration of methods with 
detailed monitoring. However, this has been rare in ex-
isting literature.

Among the diseases cataloged in the International 
Coding of Diseases (ICD 9a and 10a revisions) as re-
spiratory diseases (460-496 and J00-J99 respective-
ly), it was verified that the highest daily averages of 
hospitalizations were due to influenza and pneumo-
nia (480-487 and J10-J18) representing 52.3% of all 
admissions. Second, chronic diseases of the lower 
airways, such as chronic bronchitis, simple and mu-

https://doi.org/10.23937/2474-3658/1510098
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(IG3P), provided the best adjustment of hospital ad-
missions observed. The results presented in Table 7 
(autumn) clearly show that the Burr and Weibull 3P 

izations. The results presented in Table 3 (total hos-
pitalizations) and Table 5 (summer) clearly show that 
the functions weibull 3P (W3P) and Inv Gausian 3P 

Table 2: Estimated parameters for the distributions studied.

Distribution Parameters
Burr k = 428.17 α = 8.046 β = 820.65

Inv. Gaussian λ = 1.219 × 10-7 μ = 3258.1 γ = 2894.2

Lognormal σ = 0.1492 μ = 5.8848

Pert m = 369.21 a = 279 b = 440.0

Rayleigh (2P) σ = 82.126 γ = 260.17

Weibull (3P) α = 2.4349 β = 134.25 γ = 244.73

Table 3: Criteria for quality adjustment of the historical series of total hospital stays (2004-2018) for respiratory diseases, for the 
six distribution models Probability using different fit quality tests.

# Distribution Kolmogorov Smirnov Anderson Darling Chi-Squared
Statistic Rank Statistic Rank Statistic Rank

1 Burr 0.2121 3 4.1693 5 N/A

2 Inv. Gaussian 0.16038 2 0.24219 1 0.23349 1

3 Lognormal 0.27767 4 0.81603 2 2.4778 2

4 Pert 0.33265 6 4.4897 6 4.0 4

5 Rayleigh (2P) 0.31562 5 1.0689 3 3.6964 3

6 Weibull (3P) 0.12357 1 3.8219 4 N/A

Table 4: Estimated parameters for the distributions studied.

Distribution Parameters
Burr k = 578.76 α = 6.1518 β = 820.65

Inv. Gaussian λ = 6.019 × 108 μ = 12555 γ = -12272

Lognormal σ = 0.22941 μ = 5.6214

Pert m = 298.93 a = 101.6 b = 375.0

Rayleigh (2P) σ = 121.04 γ = 121.49

Weibull (3P) α = 19.98 β = 940.55 γ = -632.40

Table 5: Criteria for quality adjustment of the historical series of hospital stays for the summer (2004-2018) for respiratory 
diseases, for the six distribution models Probability using different fit quality tests.

# Distribution
Kolmogorov Smirnov Anderson Darling Chi-Squared
Statistic Rank Statistic Rank Statistic Rank

1 Burr 0.06679 1 0.36242 2 1.6316 1

2 Inv. Gaussian 0.10144 4 0.69138 3 2.5386 4

3 Lognormal 0.14763 5 1.5347 4 5.6829 5

4 Pert 0.09632 3 1.8946 5 2.0647 3

5 Rayleigh (2P) 0.2385 6 3.2002 6 19.807 6

6 Weibull (3P) 0.07028 2 0.23247 1 1.7043 2

Table 6: Estimated parameters for the distributions studied.

Distribution Parameters
Burr k = 578.76 α = 6.1518 β = 858.03

Inv. Gaussian λ = 6.019 × 108 μ = 12555 γ = -12272

Lognormal σ = 0.22941 μ = 5.6214

Pert m = 298.93 a = 101.6 b = 375.0

Rayleigh (2P) σ = 121.04 γ = 121.49

Weibull (3P) α = 19.98 β = 940.55 γ = -632.40

https://doi.org/10.23937/2474-3658/1510098
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Table 7: Criteria for quality adjustment of the historical series of hospital stays for the autumn (2004-2018) for respiratory 
diseases, for the six distribution models Probability using different fit quality tests.

# Distribution Kolmogorov Smirnov Anderson Darling Chi-Squared
Statistic Rank Statistic Rank Statistic Rank

1 Burr 0.09225 1 0.34523 1 1.1533 4

2 Inv. Gaussian 0.9304 2 0.38907 2 2.2031 5

3 Lognormal 0.11172 5 0.54699 5 0.85595 3

4 Pert 0.14483 6 4.7137 6 10.067 6

5 Rayleigh (2P) 0.11042 4 0.5268 4 0.63362 1

6 Weibull (3P) 0.09938 3 0.39328 3 0.6789 2

Table 8: Estimated parameters for the distributions studied.

Distribution Parameters
Burr k = 1.0239 α = 7.8603 β = 394.71

Inv. Gaussian λ = 3653.4 μ = 315.87 γ = 87.305

Lognormal σ = 0.22268 μ = 5.9743

Pert m = 371.27 a = 253 b = 681.0

Rayleigh (2P) σ = 138.29 γ = 231.02

Weibull (3P) α = 1.8149 β = 184.29 γ = 239.0

Table 9: Criteria for quality adjustment of the historical series of hospital stays for the Winter (2004-2018) for respiratory diseases, 
for the six distribution models Probability using different fit quality tests.

# Distribution Kolmogorov Smirnov Anderson Darling Chi-Squared
Statistic Rank Statistic Rank Statistic Rank

1 Burr 0.06727 2 0.1944 1 0.98542 2

2 Inv. Gaussian 0.08153 5 0.25861 3 1.32242 5

3 Lognormal 0.06784 3 0.2251 2 0.77493 1

4 Pert 0.07553 4 3.3263 6 1.0 3

5 Rayleigh (2P) 0.6724 1 0.30086 4 1.278 4

6 Weibull (3P) 0.08364 6 0.345 5 2.9276 6

Table 10: Estimated parameters for the distributions studied.

Distribution Parameters
Burr k = 1.0559 α = 9.5207 β = 343.54

Inv. Gaussian λ = 2392.6 μ = 215.42 γ = 131.07

Lognormal σ = 0.17914 μ = 5.8316

Pert m = 318.73 a = 246 b = 558.0

Rayleigh (2P) σ = 94.51 γ = 229.05

Weibull (3P) α = 1.7257 β = 121.63 γ = 237.76

Table 11: Criteria for quality adjustment of the historical series of hospital stays for the Spring (2004-2018) for respiratory 
diseases, for the six distribution models Probability using different fit quality tests.

# Distribution
Kolmogorov Smirnov Anderson Darling Chi-Squared
Statistic Rank Statistic Rank Statistic Rank

1 Burr 0.09711 3 0.4032 3 0.50776 1

2 Inv. Gaussian 0.11332 5 0.4303 4 0.98539 3

3 Lognormal 0.09179 1 0.36903 1 0.52826 2

4 Pert 0.09762 4 27314 6 1.4667 6

5 Rayleigh (2P) 0.09242 2 0.40188 2 1.0569 4

6 Weibull (3P) 0.11462 6 0.47038 5 1.2634 5
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vided the best adjustment for hospital admissions 
observed. Table 9 shows that the Rayleigh (2P) and 
Burr functions provided the best hospital adjustment 

(W3P) functions provided the best hospital adjust-
ment observed, Table 9 (winter) clearly shows that 
the Burr and Inv Gausian 3P (IG3P) functions, pro-

 

Figure 4: Graphs cdf (left) and pdf (right) of the distributions obtained for the monthly averages of hospital admissions for 
autumn (2004-2018).

 

Figure 2: Graphs cdf (left) and pdf (right) of the distributions obtained for the monthly averages of hospital admissions for the 
years (2004-2018).

 

Figure 3: Graphs cdf (left) and pdf (right) of the distributions obtained for the monthly averages of hospital admissions for 
summer (2004-2015).
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density was through the Kolmogorov-Smirnov test, 
Anderson Darling and Chi Squared. Table 2, Table 3, 
Table 4, Table 5, Table 6, Table 7, Table 8, Table 9, 
Table 10 and Table 11 presents the test results for the 
probability density functions that best fit the data as 
well as the parameter values ​​of the models. In this 
table it is possible to compare the adjustment is ap-
proved according to K-S criteria. Approved functions 
are highlighted in the table. It is also possible to ob-
serve that all the adjustments approved by the tests 
presented very low values ​​for the maximum quadrat-
ic error, corroborating, therefore, adjustments as be-
ing the best ones for the respective series.

Finally, the Figures shows the comparison of the ad-
justments of the best probability density functions with 
the respective original series (observed). By means of 
these figures it is possible to note again the trend with 
positive displacement of both the fitted models and the 
observed data. In addition, the small differences be-
tween the observed profile and the adjusted functions 
are more clearly demonstrated, because in this recon-
struction, different from what happens with the accu-

observed, Table 11 (spring) for the lognormal and 
Rayleigh (2P) functions, provided the best adjust-
ment of the hospital admissions observed.

In Figure 2, Figure 3, Figure 4, Figure 5 and Figure 
6, we present the time series of hospital stays for the 
years 2004 to 2018. There is no clear variation or trend 
around an average value. To extract more information 
about the behavior of the series, Table 1 shows the cal-
culations of mean, standard deviation, variance, asym-
metry for the mean of the studied years. It is quite ev-
ident the lack of homogeneity in the data of each time 
series, because in all cases, it is observed that the stan-
dard deviation presents average amplitude and a very 
high variance. These facts are corroborated by the fact 
that these measurements are highly sensitive to atmo-
spheric conditions, sudden physical changes at mea-
surement sites, and other changes that make the series 
very heterogeneous and unpredictable in the long run. 
With regard to asymmetry, it is possible to notice a sit-
uation of asymmetry in all cases, with right or positive 
displacement.

The adjustment of the six functions of probability 

 

Figure 5: Graphs cdf (left) and pdf (right) of the distributions obtained for the monthly averages of hospital admissions for 
Winter (2004-2018).

 

Figure 6: Graphs cdf (left) and pdf (right) of the distributions obtained for the monthly averages of hospital admissions for 
Spring (2004-2018).
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set of PDFs is satisfactorily adjusted.
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of predicated climate change.
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