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Abstract
In this paper I am analyzing the number of PSA tests for five districts in

Sweden. Two factors in particular are being looked at - if there is a
variation in administration of PSA tests in relation to season, and if
published articles regarding PSA and screening has any impact on the
number of people applying for PSA tests. Data from 2005 to 2014 have

been studied. Generalized linear models have been used in this paper, such
as the Poisson regression model, the negative binomial generalized linear
model, the zero-inflated model (Poisson distribution and negative binomial

distribution) and at last the hurdle model.
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1 Introduction
In this paper I am analyzing the number of PSA tests for five districts in
Sweden. Two factors in particular are being looked at - if there is a varia-
tion in administration of tests in relation to season, and if published articles
regarding PSA has any impact on the number of people applying for PSA
tests.

1.1 Background

The acronym PSA stands for prostate-specific antigen. It is a protein found
among the male population. The protein PSA is produced by the prostate
during an erection. A small amount of this is found in the bloodstream of
all men, which is why it is possible to observe the level of PSA by a simple
blood sample. Men are advised to take this test if they have issues with
the urinary tracts. A high level of PSA may be an indication of prostate
cancer, but can also be the result of a benign enlargement of the prostate
or some other factors. Benign enlargement of the prostate, also known as
prostatic hyperplasia, does not increase the possibility of developing prostate
cancer and does not require medical treatment. However, patients can choose
to undergo treatment in order to alleviate some of the symptoms. It is a
condition most common of among men above 60 years of age. The country
Sweden has national guidelines defining what is considered to be healthy
levels of PSA. Patients with values exceeding those of the guidelines may
have to undergo further examinations to determine the cause. Since men
naturally have a higher level of PSA with age, the guidelines are categorized
for different age groups. This is illustrated in Table 1 1 below. All the PSA
levels from the guidelines are still reasonably low results. Patients with an
earlier diagnose of prostate cancer have deviating values of PSA, thus the
guidelines do not apply for them.

1[3. ]Socialstyrelse - guidlines
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Table 1: Guidelines for the levels of PSA in Sweden

Age for the Limit values for PSA
men in men with benign palpation findings

younger than 50 years old lower than 2 µ/l
between 50-69 years old lower than 3 µ/l
between 70-80 years old lower than 5 µ/l

over 80 years old lower than 7 µ/l

Recently, the country of Sweden started an investigation regarding the
relevance of introducing regular PSA testing for all men, since prostate cancer
is the most common cancer form in Sweden. The National Board of Health
and Welfare2 ([6.] Socialstyrelsen) was the appointed authority to investigate
this. The result of following example comes from the National Board of
Health and Welfare and they created an article for the Swedish population
to understand the positive and negative effects of regular PSA testing. 3

The positive effect of regular PSA testing for men is that the likeliness of
discovering an early state of the prostate cancer is higher, and thus also the
chances of successful treatment. However, the negative risks of regular PSA
testing would be that more men would receive the diagnose for prostate can-
cer even though they were in fact healthy. This due to the natural deviation
of the results from the PSA tests. The average age of dying due to prostate
cancer is 82 years old. Thus, many men would have to go through treat-
ment even though they could have lived with the disease without any issues
while probably not even noticing the prostate cancer. The treatment would
involve medication and possible surgery with risk and negative side-effects.
The conclusion was that the positive effects did not outweigh the negative,
and that instead of introducing regular tests, each individual would have to
be responsible for applying for a PSA test. The following is an example4

from The National Board of Health and Welfare in Sweden which was used
to illustrate for the population about their decisions regarding PSA testing.
On the one hand, if a thousand men were not tested for their PSA, nine of
them would die due to prostate cancer within 14 years. On the other, if a
thousand men would have received regular PSA testing, five of them would

2SOC
3 [6.] Socialstyrelsen - https://www.socialstyrelsen.se/Lists/Artikelkatalog/Attachments/19489/2014-

8-4.pdf
4[6.] Socialstyrelsen
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die due to prostate cancer within 14 years, while fifty of the men would have
undergone comparatively unnecessary treatment.

1.2 Hypotheses

In this paper we would like to analyze if there exists any seasonality for PSA
testing. Our beliefs are that the received PSA tests will go down quite a
lot during the summer and a little bit during Christmas and New Year. We
believe this will occur because people are usually busy with other duties at
that time of the year. We think the hospitals have less staff during these
specific holidays and therefor can manage less patients. We were also curious
about the influence or impact media possibly had on the number of men
applying for PSA tests. Would any published articles regarding screening
effect these numbers? Our thoughts were that it would. We believed that
the articles would ignite discussions among friends and families, which would
further increase the number of men applying for PSA tests.
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2 Regression Models

2.1 Generalized Linear Model (GLM)

The generalized linear model is an important class in statistics. The general-
ized linear models are a family of several important models, such as linear re-
gression and analysis of variance models, logit and probit models for quantal
response, and log-linear models and multinomial response models for counts.
It was Nelder and Wedderburns that developed the generalized linear mod-
els in year 1972. All the generalized linear models have three components in
common - the random component, the systematic component and the link
component. The random component has a response variable Y with inde-
pendent observations ( y1 , y2, ... , yn ). These observations are generated
from a distribution in the exponential family. The random component has a
density function as

f(yi; θi) = a(θi)b(yi)e
yiQ(θi)

where i is i = 1, 2, ..., N and Q(θ) is the natural parameter.
The next component of the generalized linear model is the systematic

component. It is described to a vector ( η1, η2, ..., ηn) to the explanatory
variables through a linear model as

ηi =
∑
j

βjxij

where xij denotes the value of the explanatory variable j for a topic i.
The last component for a generalized linear model is the link function.

The link function connects the systematic component and the random com-
ponent as

g(µi) =
∑
j

βjxij

The generalized linear models have been useful in several different areas, for
example in bio-medical and pharmaceutical research and development. They
are suitable for analyzing count data. The features that characterize count
data is that it is a positive integer while also being able to assume the value
zero.
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2.1.1 Poisson Regression Model

This paper will focus on the Poisson regression model and certain adaptions
of that model in analyzing the data. The Poisson regression model is a
variant of the generalized linear model with a logarithm as a canonical link
function. These models are only useful for numerical and continuous data,
such as count data. The Poisson regression is a discrete distribution and
therefore it cannot be negative. The Poisson regression model with a log of
mean is called the log linear model.

While using count data and the Poisson regression model it is good prac-
tice to analyze to compare the mean and the variance with each other. It
is required that these are equal in order for the Poisson model to produce a
reliable result. Should they differentiate from each other, a number of other
models exist that can handle these situations better, such as the negative
binomial Poisson regression model, the zero-inflated model, the zero-inflated
negative binomial regression model or the hurdle model.

The following describes the Poisson distribution. If the count variable
for a Poisson process is called yn where {n = 0, 1, 2, 3, ...}, then the mass
function is

P (Yi = yi|µi) = e−λ · µ
y
i

y!

for y ∈ {1, 2, 3, ...} and where µ is the average number of occurrences of an
event for a given time. The Poisson distribution can also be written as
µn ∼ Poisson (µ). The distribution has one parameter, µ, which is equal
to both the mean and the variance (E[Y ] = var[Y ] = µ). The variable
Y is the response variable and is the count in this case. The mean for a
Poisson distribution has to assume a positive value. The distribution tends
to be a normal distribution when µ becomes large. While using the Poisson
distribution there are four assumptions to notate.

1. The events, y, occur independently, meaning the occurrence of the event
does not effect the probability of the next event that occurs.

2. The rate is constant when an event occurs.

3. Two or more events cannot occur at the exact same time.

4. The events, y, occur in an interval, where y is a positive integer
{0, 1, 2, 3, ...}
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The Poisson model has a skewness. This skewness is a measure of the prob-
ability distribution of a stochastic variable. For the Poisson distribution this
is defined as E(Y − µ)3/3 = 1/

√
µ.

The probability mass function for the Poisson regression model is

f(y;µ) =
e−µµy

y!
= e−µ(

1

y!
)ey log(µ)

where y = 0, 1, 2, ... , N and has the link function

log(µ) =
∑
j

βjxij

The Poisson log linear model with explanatory variables x has the form

log(µ) = α + β1x1 + β2x2 + βnxn

with the mean satisfying the exponential relation

µ = eα+β1x1+β2x2+...βnxn

The Poisson regression involves estimating the regression coefficients using
the maximum likelihood.

2.1.2 Overdispersion

Overdispersion occurs when data in a model, binomial or Poisson, exhibit
greater variability than predicted - a phenomenon which is quite common in
statistics while handling count data. In a generalized linear model, where
the mean and the variance are related and depend on the same parameters,
this is a possible event. If the variance is larger than the mean, then there is
an overdispersion. If instead the mean is larger than the variance, it is called
an underdispersion. In a Poisson regression model, the model depends on
the variance of the variable µ. Since the mean and variance both are equal
to µ, it also depends on the mean. A large spread of events in the model
will result in a variance greater than the mean for the observed distribution.
In other words, overdispersion occurs due to Poisson distribution assuming
that each event has the same probability to occur for every single timeframe.
The mean and the variance for the overdispersion is

E(Y ) = E[E(Y |µ)]
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and

var(Y ) = E[E(Y |µ)] + var[E(Y |µ)]

If overdispersion occurs, the model will have some deviating results and may
require further adjustments. These adjustments can be made by using models
that can handle the overdispersion better, such as the quasi-Poisson regres-
sion or the negative binomial generalized linear model.

2.1.3 Negative Binomial Generalized Linear Model

The negative binomial generalized linear model is an alternative model to the
Poisson regression. This model can handle some of the overdispersion which
the Poisson regression model cannot. The negative binomial generalized
linear model only has positive integers, just like the Poisson regression model.
Unlike the Poisson regression model however, this model has an additive
parameter for the variance. This leads to the variance becoming larger than
the mean. The negative binomial distribution has a mean as

E(Y ) = µ

and a variance as

var(Y ) = µ+ αµ2

The parameter α only assumes positive values and is called a dispersion
parameter. Most of the times α is an unknown parameter. If α = 1/k then
the model is fixed and can be expressed in a natural exponential family form.
As the parameter α goes to zero, the variance goes to µ and the negative
binomial distribution will converge to a Poisson distribution. The parameter
α will become large when the heterogeneity in the distribution is larger. The
probability mass function for the negative binomial generalized linear model
is

P (Y = yi|µi, k) =
Γ(yi + k)

Γ(k)Γ(yi + 1)
(

k

µi + k
)k(1− k

µi + k
)yi

where y = 0, 1, 2 . . . , {i = 0, 1, 2, ...}, k > 0 and µ > 0. Even though the
negative binomial generalized linear model can handle some of the overdisper-
sion, there can still exist overdispersion in the model. Further improvements
to the data can be made by studying if there is any inflation of zeros and if
so apply a model that can handle this inflation better.
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2.1.4 Zero-Inflated Poisson Regression Model

If the model has overdispersion and it has a frequency with an unexpectedly
large number of zero values, it is a good idea to explore if the zero-inflated
Poisson regression model is a more suitable option. For this model all values
of Y are positive integers. The zero-inflated model is divided into two differ-
ent equations. One which describes the group of zero values and one which
describes the positive integers ( 1, 2, ... ). The probability distribution for
the zero-inflated Poisson regression model can be written as

P (Yn = y) =

{
πi + (1− πi) · e−µi , if y = 0

(1− πi)µiy · e−µi/yi! if y = 1, 2, ...

where πi is the logistic link function, µ is the expected Poisson count and {i
= 0, 1, 2, 3, ...}. The link function πi is the probability of an extra zero and
is defined as

πi =
λi

1 + λi

where λ is the logistic component and includes the time t. The mean for the
model is

E(Y ) = (1− π)µ

and the variance for the model is

V (Y ) = µ(1− π)(1 + πµ)

2.1.5 Zero-Inflated Negative Binomial Regression Model

Another alternative when handling count data with a large excess of zero
values is the zero-inflated negative binomial regression model. Similarly to
the zero-inflated Poisson regression model, this model is divided into two
groups, one for the zero values and one for the positive integers (1, 2, ...).
The two parts of the zero-inflated model are a negative binomial model. The
probability function is

P (Yi = y) =

{
πi + (1− πig(yi = 0)), if y = 0

(1− πi)g(yi) if y = 1, 2, ...

10



where πi is the logistic link function for {i = 0, 1, 2, 3, ...} and given by

πi =
λi

1 + λi
(1)

The function g(yi) is negative distributed. The negative binomial is given by

g(yi) = P (Y = yi|µi, α) =
Γ(yi + α−1)

Γ(α−1)Γ(yi + α−1)
(

1

1 + αµi
)α

−1

(
αµi

1 + αµi
)y

−1

where
g(yi = 0) = 1 + kλi

The parameter µ are the negative binomial component and the parameter λ
are a logistic component both component includes an exposure of time and a
set of regressor variables. The negative binomial component can be written
as

µi = e(ln(ti)+β1x1i+β2x2i+...+βkxki)

with a set of k regressor variables. The logistic component can be written as

λi = e(ln(ti)+α1x1i+α2x2i+...+αmxmi)

where m is a set of regressor variables. The mean for the model can be
written as

E(Y ) = (1− π)µ

and the variance can be written as

V (Y ) = (1− π)µ(1 + µ(π + α))

where α is a parameter for the overdispersion.

2.1.6 The Hurdle Poisson Model

Similarly to the previously mentioned zero-inflated models, the hurdle Pois-
son model is also an alternative for handling count data with zero inflation.
Likewise, it is divided into one equation for the zero values and one for the
positive integers (1, 2, 3, ...). The probability function is

P (Yi = y) =

{
πi, if y = 0

(1− πi)µye−µ/y!, if y = 1, 2, ...
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with the mean being
E(Y ) = (1− π)

µ

1− e−y
and the variance

var(Y ) = (1− π)
µ

1− e−y
+ π(1− π)(

µ

1− e−y
)2

2.1.7 Offset

Sometimes an adjustment is needed regarding events in relation to time.
One example of that in this study, is that some districts are larger than the
others, with the number of men in the district changing over the years. The
offset term is some kind of "structural" predictor. To apply an offset for the
generalized linear models are really useful since each case may have different
level of exhibition to the event of interest. By using an offset, this deviation
is taken into consideration.

For a loglinear model the expected rate has the form

log(µi)− log(ti) = α + β1xi1 + β2xi2 + ...+ βnxin

with an explanatory variable x. The offset is the term -log (ti) and adjusts
the model according to the requirements. The response count Yi has an index
ti so that its expected value is proportional to ti.

2.1.8 Cubic Spline

To better illustrate a graph for a set of data with some deviating values it is
possible to apply a cubic or cyclic spline function. The cubic spline function
will approximate the analysis and it is defined as piecewise by polynomial.
It is popular to use cubic splines because of simplicity of their construction.
The function f is defined on the interval [a,b], where a < t1 < t2 < . . . < tn
< b. The variables ti are called knots { i = 0, 1, 2, 3,... } and must be real
numbers within the interval. There are two conditions to be met in order for
the function to be a cubic spline. The first condition is that when applied to
each sub interval (a, t1), (t1, t2), (t2, t3), ..., (tn, b) the function, f , is a cubic
polynomial. The other condition is that the polynomial piece fit together at
the knots ti in such a way that the function f itself is continuous for each
ti. These conditions also have to be satisfied for the first and secondary
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derivatives of the function. The following is an example of a cubic spline
definition

f(t) = di(t− ti)3 + ci(t− ti)2 + bi(t− ti) + ai for ti ≤ t ≤ ti+1

where ai,bi, ci, di are given constants and { i = 0, 1, 2, 3,... }. From the
interval [a,b], a is defined as t0 and b as tn+1.

13



3 Methods
In this paper I am analyzing the number of PSA tests for five districts in
Sweden. Two factors in particular are being looked at - if there is a variation
in administration of PSA tests in relation to season, and if published articles
regarding PSA and screening has any impact on the number of people apply-
ing for PSA tests. To study medias influence, four major publications about
screening and PSA have been chosen for analyzing the dates when they were
published (Gothenborg study, Hugosson - 26/3-2009, 11/8-2010, 12/5-2012
and 6/12-2014)5. The computer software R and SAS have been used in the
study. At the beginning SAS was used for the collection of data and creating
the master dataset. Later on R was used, for the calculation of the different
models and for illustrating them with graphs.

3.1 Collecting Data

The absolute first thing to do when working with statistics is to collect data.
In Sweden there exists something called a personal identity number. All
Swedish citizens have one and can be identified by it. The personal identity
number is used when recording and storing different information regarding
for example health care, education, and taxes. This system was the first in
the world to cover the whole population in a country6. The data for this pa-
per has been collected from several authorities in Sweden, namely Statistics
Sweden (Statistiska Centralbyrån, SCB), Regional Cancer Center (Regionalt
Cancercentrum, RCC) and The National Board of Health and Welfare (So-
cialstyrelsen, SOC). The information about where the patients’ lives, his or
her education level and birth year, as well as the population of men for dif-
ferent districts in Sweden, is provided from Statistics Sweden. The Regional
Cancer Center provides information about diagnose dates. Furthermore, the
National Board of Health and Welfare provides detailed patient information
from three different data bases - the cancer register, the patient register and
the drug register. The cancer register holds information about what kind of
diagnose the patients have, enabling the possibility to locate those specific
patients with the diagnose of prostate cancer. The patient register gives in-
formation about outpatient clinic and inpatient care, while the drug register

5The date for the publications to investigate comes from Anna Bill-Axelson at Urology
of Uppsala University

6[12.] Wikipedia - Personnummer
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provides information about which medications the patients have been sub-
scribed. Utilizing these registers it is possible to locate those patients that
have been subscribed medication for prostate cancer, or are experiencing
issues with the urinary tracts or benign prostatic hyperplasia.

3.2 Analysis Of Data

After collecting the data the next step is to analyze it. How to handle and
analyze the data is a very important part of statistics. Before applying
any mathematical model it is important to observe the data and determine
which information that is relevant for the study. The collected data cannot
just be plugged in to a model, because then it would be hard to interpret
the result and it would probably be misleading. Filtering of the data can
be required to make sure that there are no deviating entries or duplicated
information. The following dataset, Table 2., has been created using SAS. It
contains several categorizations for PSA tests - every year and every day for
five districts, different levels of education and different age groups. For all of
the categories the datasets header look like Table 2, below

Table 2: The header for the dataset

Year Day Weekday Education Shire Age group
2005 1 Saturday High Uppsala Age 65 to 74
...

...
...

...
...

...

Day in the interval Population Otherwise LUTS Cancer Patients
1 10666 1 0 0
...

...
...

...
...

The table consist of all patients that have received the PSA tests dur-
ing the first of January 2005 up until the last of December 2014, within the
districts Uppsala, Värmland, Örebro, Dalarna and Gävleborg. PSA tests
received in another district or patients living in another district are not in-
cluded in the study. The column "Year" in Table 2 holds the ten years for
the study, from 2005 to 2014. For Uppsala, Gävleborg and Värmland there
is data for the whole interval. However, the district Örebro is limited to
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the interval 2007 to 2014, and the district Dalarna to the interval 2006 to
2012. The column "Day" holds the days in a year, ranging between 1 to
365, where 1 represents the first of January and 365 represents the last of
December. The third column, "Weekday", holds which day of the week it is,
Monday to Sunday. The column "education" represent which education level
the patients have and is divided into three different groups - low, medium
and high. The low group consists of patients with an education level up to
primary school, while the medium group consists of patients with up to three
years of attendance in secondary school. The final, third group, consists of
patients with higher education. The column "Shire" specifies one of the five
different districts - Uppsala, Dalarna, Värmland, Örebro and Gävleborg.

The sixth column, "Age group", specifies which age range the patient
belonged to when receiving the PSA test. The ranges are divided into eight
groups - Age 16 to 24, Age 25 to 34, Age 35 to 44, Age 45 to 54, Age
55 to 64, Age 65 to 74, Age 75 to 84 and Age 85 and older. The next
column, "Population" represents the number of men at risk. In more detail, it
represents the number of men in respective age group and respective district
for that year the PSA test was received. The eight column, "Day in the
interval", specifies which day it is within the interval. It can be assigned
a value within the range 1 to 3650, where 1 represents the first of January
2005 and 3650 represents the last of December 2014. The last three columns
are the different categories of count variables - Otherwise, LUTS and Cancer
Patients. They contain the sum of patients that have received a PSA test for
their respective category. The categories are described in further detail in
section 3.2.1 of this paper. Looking at Table 2., the first line indicates that
there is one patient in the category Otherwise that has received a PSA test
for that specific date, age group, district and education level, while none was
classified for the categories LUTS or Cancer Patients.

There were a few PSA tests for patients with an unbelievable high age,
as well as some younger patients below 16. These were deleted from the
dataset to avoid deviation. If there existed any duplicates for a PSA test,
these were also deleted to avoid any errors. In some cases the patients had
several PSA tests for the same day but with different results (PSA levels).
These cases have been handled in two different ways. When there was exactly
two different PSA tests on the same day, a mean was calculated for the PSA
level. If there were more than two PSA tests on the same day, then this was
an indication that it could be a Cancer Patient. Since a Cancer Patient’s
PSA level may vary a lot, causing unpredictable results, these entries were
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consequently removed.

3.2.1 Categorize Data

All the PSA tests are divided into three count variables - Otherwise, LUTS
and Cancer Patients. A patient already diagnosed with prostate cancer,
at least 28 days before receiving a PSA test, will be counted towards the
count variable Cancer Patients. The count variable LUTS is defined as those
patients that have been subscribed any of the medications described in Table
3. or that have undergone any of the surgeries specified in Table 4.7. The
medications are given to patients that are experiencing any issues with the
urinary tracts. It is assumed that they are receiving PSA tests because of
these issues. Similar to Table 3, all the surgeries indicates that the PSA
test has been received for certain issues with the prostate or urinary tracts.
Information about the medications and the surgeries can be found on the
web page to WHO Collaborating Centre for Drug Statistics Methodology 8.

Table 3: Prescribed medications for benign prostatic hypertrophy

Prescribed drugs ATC-code
Finasteride G04CB01
Dutasteride G04CB02

Alpha-adrenoreceptor antagonists G04CA and C02CA
Other drugs used in benign prostatic hypertrophy G04CX

Tolterodine G04BD07
Solifenacin G04BD08
Oxybutynin G04BD04
Darifenacin G04BD10
Fesoterodine G04BD11
Mirabegron G04BD12

The right column in Table 3 specifies the ATC-code. ATC is an inter-
national system for classification of prescribed medication, used for locating
patients receiving medications in the different databases.

7All these medication from Table 3. and all the surgeries from Table 4. comes from a
previous paper by the doctor Anna Pia Enblad.

8See web address in reference [7.]

17



Table 4 shows the names for the surgical procedures and at the right
is the NOMESCO code. NOMESCO stands for Nordic Medico-Statistical
Committee and it is a statistical committee under the Nordic Council of
Ministers. NOMESCO is the classification of Surgical Procedures which can
be used to locate a certain patient-type in different databases.

Table 4: Surgeries for benign prostatic hypertrophy

Surgical procedure for prostate NOMESCO
Transurethral bladder neck incision KCH42

Open prostatic adenectomy KED00
Transurethral resection of the prostate KED22
Transurethral incision of the prostate KED32

Transurethral vaporization of the prostate KED42
Laser resection of the prostate KED52

Transurethral needle ablation of the prostate KED62
Transurethral microwave thermotherapy of the prostate KED72

Transurethral cryotherapy of the prostate KED80
Other partial excision of prostate KED96

Other transurethral partial excision of prostate KED98

The last count variable, Otherwise, is simply all patients but not including
those belonging to the categories LUTS or Cancer Patients. It is the count
variable which has been chosen as the main focus in this paper since it is
likely the category which is most effected by seasonality and media influence.
Patients with prostate cancer and with any of the urinary tract symptoms
would probably receive their PSA tests regardless of season or newspaper
headlines and are thus consequently less important to study.

3.3 Methods For The Mathematical Models In R

This paper has been using generalized linear models - such as the Poisson
regression model, the negative binomial generalized linear model, the zero-
inflated Poisson regression model, the zero-inflated negative binomial regres-
sion model and the hurdle Poisson model. All of these models exist as func-
tions in the computer software R. Their use cases are further described in
Appendix A. In the model we also create a cyclic spline over our dataset,
where the predicted values for the model are used. The software R also has
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functions to combine and to illustrate graphs for the cyclic spline - also de-
scribed in Appendix A. All outputs for the models can be found in Appendix
B and most of them will be explained in the result.
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4 Result
All the graphs and outputs have been illustrated and computed in the com-
puter software R. The original data was organized after where the PSA tests
had been administered, and not where the patients live. In our analyze how-
ever, we are sorting according to the population registration. Consequently,
those cases where the patient does not live in and have received their PSA
test in one of the five studied districts are filtered. The reason for these devi-
ations may be that patients are living closer to the border of another district
and choose to seek treatment there instead, or that their district does not
have a proper urology department.

4.1 Analyze

The first thing I started to analyze was if there existed any seasonal fluc-
tuation. I started to construct a script in R in order to illustrate graphs
for the average number of PSA tests. Calculations have been done for men
between 15 to 100+ years old for the studied districts. The script is written
to make it possible to easily choose a specific district, age range and time
interval for the illustration. All the lines in the graphs have a smoothed
function over them, to prevent any jagged edges. By applying some different
options it was easy to notice how many fewer PSA tests that were admin-
istered during the summer (June, July and August) compare to the rest of
the year. It was also possible to notice that the received number of PSA
tests goes down in December, especially for the count variable Otherwise.
For the other count variables, LUTS and Cancer Patients, the lines are more
even with less spikes. This is exactly what we had predicted. We believe
the reason for this that the patients in these two groups receive their PSA
tests due to their medical condition and therefor the seasons do not have
that big effect. The count variables, LUTS and Cancer Patients, had a lot
fewer PSA tests in general compared to the count variable Otherwise. This
is also reasonable since Otherwise has fewer restrictions than the LUTS and
Cancer Patients. In some few cases the count variable Cancer Patients has
some small fluctuations, similar to the count variable Otherwise, although
not as large. Below are a few graphs illustrated for the average number of
PSA tests, with some variations in the script variable values.
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Figure 1: Graph for the three count variables - Otherwise, LUTS and
Cancer Patients, in the district Uppsala for patients between 40 to 90 years

old.

The first graph, Figure 1, illustrates the average number of PSA tests for
the district Uppsala, over the year 2013 and for patients in the age range 40
to 90 years old. The red line represents the count variable LUTS, the blue
dotted line represents the count variable Otherwise, and the green dotted line
represents the count variable Cancer Patients. We can see that the highest
number of PSA tests is for the count variable Otherwise, while the lowest is
for the count variable LUTS. The fluctuations are also largest for the count
variable Otherwise. There is also seasonal fluctuation for the count variable
Cancer Patients with the received number of PSA tests declining during the
summer and at the end of the year. For the count variable LUTS the line are
quite even, though it is possible to see some extremely smalls fluctuations
due to season.
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Figure 2: Graph for the three count variables - Otherwise, LUTS and
Cancer Patients, in the district Gävleborg for patients between 60 to 80

years old.

The graph illustrated in Figure 2 is for the district Gävleborg, at year
2013, and for men within the age range 40 to 90 years old. The count
variable with the highest received number of PSA tests is Otherwise, the blue
dotted line. The lines for the count variables LUTS and Cancer Patients are
really close to each other. They are represented by the red respectively the
green dotted lines. Just as for the previous district, Uppsala, there are some
seasonal fluctuations, especially for the count variable Otherwise. For count
variable Otherwise the number of PSA tests declines during the summer and
in December. For the other count variables it is harder to see any seasonal
fluctuation in general, although there is some decline in December. In this
graph it is also possible to see an increased number of PSA tests in late
autumn for the count variable Otherwise.

The following three graphs are illustrated using the count variables for ed-
ucation level instead of Otherwise, LUTS and Cancer Patients. The different
education levels are Primary School, Secondary school and High education.
These three count variables are also called low, medium and high in the pa-
per. The graphs are still illustrating the average number of PSA test. Note
that the Statistics Sweden did not have information about the education level
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for the population over 75 years old. So men over 75 are not included in the
model.

Figure 3: A graph for the district Uppsala, in year 2012 for the age 40 to 75
years old, with the three count variables for the education level.

The graph Figure 3 illustrates the average number of PSA tests for the
district Uppsala over the year 2012 for patients in the age range 40 to 75
years old. It depicts the three count variables - Primary School, Secondary
school and High education. The red line represents the group Primary school,
the doted blue line represents the group Secondary school and the green
dotted line represents the group High education. The red line, count variable
Primary school, is really low and even. This imply that the population with
a lower degree of education do not receive a PSA test that often as for the
other two count variables. The highest number of PSA tests is received by
the count variable Secondary school. This count variable fluctuate the most
and show a large decrease during the summer. The count variable High
education do also show a similar fluctuation, as the group Secondary school,
just for a little less PSA tests.
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Figure 4: A graph for the district Dalarna, in year 2012 for the age 40 to 75
years old, with the three count variables for the education level.

The graphs illustrated in Figure 4 is for the district Dalarna at the year
2012 for men between 40 to 75 years old. The count variables Primary school
and High education are really low and even. This imply that men within
these two groups do not have receive as many PSA tests as for the count
variable Secondary school. For men within the count variable Secondary
school it is possible to see some seasonality. There is some fluctuation for the
count variable High education, with some declining during the summer and
in December. In November it is also possible to see a slightly higher peak
due to the rest of the year.
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Figure 5: A graph for the district Värmland, in year 2012 for the age 40 to
75 years old, with three count variables for the education level.

The graph in Figure 5, illustrates number of PSA tests for the district
Värmland at the year 2012 for men between 40 to 75 years old. The results
for the count variables Primary school and High education are low and even,
here as well. This imply that men within any of these two groups do not
have received as many PSA tests as for the count variable Secondary school.
There exist some fluctuation for the count variable Secondary school, during
the summer and in December the number of PSA tests decreases.

4.2 The Count Variable Otherwise

4.2.1 Poisson Regression Model

In this data we are investigating the number of men that apply for a PSA
test. Men apply for a PSA test for different reasons. We are investigating
the number of PSA test received during the years 2005 to 2014, the number
of PSA tests is the count data for our model. It is a good option to begin
the analyze by using the Poisson regression model, since the events for the
model is a count variable that also can assume the value zero.
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In our case it is not a good idea to use any Binomial regression models,
since the event values constantly changes for the districts over the year. There
is also some skewness in the data which is another reason to use Poisson
regression model. A Poisson distribution defines the probability for a certain
number of events to occur for a given interval of time, which is also suitable
for our data. Because in our case, we have a certain number of men that
have received a PSA test within a given time interval. Our calculation results
have a mean and a variance that are not equal to each other for the count
variable "Otherwise", this implies that there exists some underdispersion or
overdispersion in the model. The mean is equal to 0.5721614 and variance
is equal to 2.346418. The variance is over four times larger than the mean,
which indicates that we have overdispersion in the model. This violates the
condition for the Poisson regression model. Therefore it is suitable to use
a model that can handle some of the overdispersion better such as negative
binomial generalized linear model. Since we assume that each PSA test
has the same probability to occur for each day we get overdispersion. It
is apparent that it is not as common to receive a PSA test on the weekend
compared to weekday. The likeliness that the probability will vary depending
on the season is also a effect of the overdispersion.

An overdispersion test is possible to perform in the software R, instead of
comparing the mean and the variance, to reveal if there exists any overdis-
persion in the model. The overdispersion test for our model is

Overdispersion test

data: test
z = 21.983, p-value < 2.2e-16
alternative hypothesis: true dispersion is greater than 1
sample estimates:
dispersion

1.357799

Since the dispersion value is greater than 1, for the overdispersion test,
our model has overdispersion. Since the p-value is very small for the overdis-
persion test we can reach to the conclusion that the test is reliable. Because
of the overdispersion there is no need to analyze with the Poisson regression
model any further. The results can be found in the Appendix B.1.1, and
how to perform the test and model in R can be found in Appendix A.1.
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4.2.2 Negative Binomial Generalized Linear Model

Because of this overdipersion in the Poisson regression model we started
to analyze the data for the negative binomial generalized linear model in-
stead. The negative binomial generalized linear model can handle some of
the overdispersion in our model better but unfortunately for the model the
software R could not handle our large dataset.

Instead a smaller interval was created for the weekdays and two subsets
where constructed for the age groups. Then a cyclic spline has been con-
structed over the days of the year and a natural spline over the years. The
p-values are all significant for all categories except for the categories Col1,
LaenUppsala and LaenÖrebro. The different Col-categories are representing
the knots for the cyclic spline and Y-categories represent the knots in the
natural spline.

All of this can been found in the Appendix (B.1.2) where the whole
output is shown and how to perform the test and model in R can be found
in Appendix A.1. Below is the output that is most relevant for us for the
negative binomial generalized linear model.

Deviance Residuals:
Min 1Q Median 3Q Max

-0.8437 -0.2332 -0.0619 -0.0244 4.8814

Coefficients:
Estimate

(Intercept) -13.816
Col1 26.233
Col2 30.214
Col3 30.457
Col4 40.658
Col5 43.025
Col6 23.004
Y1 0.566
Y2 1.438
Y3 0.355
LaenGävle 0.265
LaenUppsala 0.004
LaenVärmland 0.151
LaenÖrebro -0.085
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I(Weekday %in% c("Saturday", "Sunday"))TRUE -4.626
eduLow -4.699
eduMedium -1.854
AgegroupAge 25 to 34 1.612
---

(Dispersion parameter for Negative Binomial(1.8226) family taken to be 1)

Null deviance: 22699 on 109559 degrees of freedom
Residual deviance: 14353 on 109542 degrees of freedom
AIC: 22090

Theta: 1.823
Std. Err.: 0.277

The intercept for the negative binomial generalized linear model is α in
the output and α is equal to -13.812. The different Col-variables represent
the knots for the cyclic spline over the days. While the Y-variables represent
the knots for the natural spline over the years. The natural spline over
the years is created to minimize the dataset. The reference category for the
districts is Dalarna. Unfortunately for both the districts Uppsala and Örebro
the p-values were not statistically significant, therefore we cannot trust the
results for these two districts. The p-values for the two districts, Värmland
and Gävleborg, were on other hand statistically significant. They both had
a positive estimated values, which imply that they had more receive number
of PSA test due to the reference category Dalarna. Gävleborg is the district
with the highest estimated value for the number of PSA tests, Gävleborg
has 0.26 times more received PSA tests due to Dalarna. Värmland has 0.151
times more received PSA test than to Dalarna.

All p-values for the education levels are statistically significant, the p-
values are all smaller than 2 e-16. The reference category is the education
level high. For both the education levels, low and medium, the estimated
value are negative. This imply that the number of PSA test are largest for
the reference category, high education. The patients with low education have
received less than 4.7 times PSA tests due to patients with high education.
Patients with a medium education have received less than 1.854 times PSA
test due to patients with a high education.

The model were not able to handle all the eight age groups, therefor a
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subset was created to minimize and only study the age groups "Age 16 to
24" and "Age 25 to 34". The reference category is the age group "Age 16 to
24". The age group "Age 25 to 34" has a statistically significant p-value and
has received 1.612 times more PSA-tests due to the reference category, "Age
16 to 24".

The AIC (Akaike information criterion) value are lower for this model
than due to the Poisson regression model which mean that the negative
binomial generalized linear model are a better fit. Although, the negative
binomial generalized linear model was not able to converge for the whole
dataset and therefor minimized, therefor it will be misleading to compare
them both.

The dispersion parameter for the negative binomial generalized linear
regression model is 1.8027 which is larger than 1 and is a indication that the
model have some overdispersion.

4.2.3 Zero-Inflated Poisson Regression Model

A histogram was preformed to analyzing the distribution and if there existed
an unexpectedly large number of zeros for the model. The histogram, Fig-
ure 6, shows an abundance of zeros in the distribution. Since the Poisson
regression will have some problem to handle all those zeros, the zero-inflated
Poisson model are used instead.
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Figure 6: A histogram where a pile represent the number of days with a
certain number of PSA tests received.

The histogram show us that the data has a tremendous amount of zero
values, therefor the zero-inflated model is implemented. The full output can
be found in Appendix B.1.3. All the p-values are statistically significant,
lower than 2e-16. This implies that the estimated results are most likely
accurate. We can see that the model can handle all categories and still
converge. The output results for the estimated values for the zero-inflated
model with Poisson as log link is shown below.

Pearson residuals:
Min 1Q Median 3Q Max

-2.6205 -0.2811 -0.1140 -0.0221 170.9005

Count model coefficients (poisson with log link):
Estimate

(Intercept) -1.339e+01
Col1 2.123e+01
Col2 2.414e+01
Col3 2.598e+01
Col4 3.193e+01
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Col5 4.404e+01
Col6 2.493e+01
Y1 1.539e-01
Y2 4.352e-01
Y3 2.691e-01
LaenGävle -3.861e-01
LaenUppsala -3.707e-01
LaenVärmland -1.581e-01
LaenÖrebro -3.265e-01
WeekdayMonday 2.740e-01
WeekdaySaturday -4.011e+00
WeekdaySunday -4.330e+00
WeekdayThursday 2.128e-01
WeekdayTuesday 3.455e-01
WeekdayWednesday 2.546e-01
eduLow -4.046e+00
eduMedium -7.853e-01
AgegroupAge 25 to 34 1.637e+00
AgegroupAge 35 to 44 2.965e+00
AgegroupAge 45 to 54 4.172e+00
AgegroupAge 55 to 64 4.920e+00
AgegroupAge 65 to 74 5.118e+00
AgegroupAge 75 to 84 4.900e+00
AgegroupAge 85 and older 4.572e+00
I(tgl(Date_Anna)) 2.995e-03
---
Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Number of iterations in BFGS optimization: 93
Log-likelihood: -2.458e+05 on 60 Df

The intercept, α, is equal to -13.39 for the model. Since the negative
binomial generalized linear model did not converge when applied to the en-
tire dataset it is not possible to compare the models with each other. By
analyzing the districts it is possible to see that Dalarna is the reference cat-
egory. All the estimates for the districts Gävleborg, Uppsala, Värmland and
Örebro have negative values. This implies that all the other districts have
fewer received PSA tests compared to Dalarna. Dalarna is the district with
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the most received PSA tests in relation to population size. Dalarna received
0.38 times more PSA tests compared to Gävleborg, 0.37 times more com-
pared to Uppsala, 0.16 times more compared to Värmland and 0.33 times
more compared to Örebro. The district with the lowest number of PSA tests
in relation to population size was Gävleborg.

Friday is the reference category for the weekdays. Here we can see a larger
variation between the estimated values. The days with fewer received PSA
tests than Friday were Saturday and Sunday. This is reasonable since it is the
weekend, when people in general make other plans. The weekday with most
received PSA tests was Tuesday, with 0.35 times more PSA tests compared to
Friday. Monday had 0.27 times more received PSA tests compared to Friday,
Wednesday had 0.55 times more, while Thursday had 0.21 times more.

By analyzing the educations levels, it is possible to see that the education
level high is the reference category. The output revile that the other two
education levels, low and medium, has negative estimations. This imply that
they has fewer received PSA tests due to the male population with high
education. The male population with low education level has a little more
than 4 times less received PSA tests compared to they with high education
and the male population with medium education level have around 0.79 times
less received PSA tests compared to they with high education.

The dataset has eight age groups and the reference category is "Age 16 to
24". All the age groups have positive estimated values. This implies that all
other age groups have received more PSA tests compared to the age group
"Age 16 to 24". The age group with largest number of PSA tests is "Age
65 to 74", which has a little over 5 times more received PSA tests compared
to the age group "Age 16 to 24". The age group "Age 55 to 64" has 4.92
times more received PSA tests compared to the reference category, "Age 16
to 24". The third largest age group after that are the oldest group, "Age
85 and older" that is 4.57 times larger than the reference category, "Age 16
to 24". This is all reasonable since it is more common for older men to get
prostate cancer, although since older men most often die of something else
before they die because of prostate cancer. Therefore doctors may decide
that it is better for the patients not to take a PSA test.

By analyzing the Pearson residuals we can see that the maximum of the
residual is a surprisingly large. Since we were not totally sure of why the max-
imum Pearson residual was so large we decided to look into it. By studying
the hundred largest Pearson residuals we can see that only around twenty
of the Pearson residuals are over 100. The 100 largest Pearson residuals
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reached fast a value close to 30, which is a much more reasonable value in
our model. Since the dataset include over 400 000 values it is not that many
residuals that are extremely high and it is hard to avoid. By analyzing the
high Pearson residuals more closely we could see that it came from really low
residuals. By locating the four largest Pearson residuals it was possible to
see they belonged to PSA tests received in Uppsala 2005 on the weekdays,
Sunday or Saturday. They were received by the oldest age group, "Age 85
and older". It is not more common for men older than 85 to be advised to
receive a PSA test and it is not common to receive a PSA test during the
weekend. Therefor this PSA tests have been received for unusually cases
which makes the probability the event really unlikely. This rarity leads to a
extremely small residual and then a really larger Pearson residual.

An AIC test is applied on the model and give us the following result.

AIC : 491 636.7

By applying the AIC test we can see that the zero-inflated model have a lower
value than the Poisson regression model. This imply that the zero-inflated
Poisson regression model is more accurate compare to the Poisson regression
model. It is also possible to do a Voung test to analyze which model that
are more accurate for the data.

A cyclic spline was made for the data and a graph was made over the
predicted values, illustrated in Figure 7.
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Figure 7: The predicted number of PSA tests during a year (365days).

The graph show us our hypothesis we had in the beginning of this paper
seems to be correct. By studying the graph we can see a little higher peak
in the autumn and a low one in the summer. Although, we can see that the
predicted values small, the y-axis is only up to 4e-05. The lowest peak is
around day 200, which is in middle of July. In the middle of June is the time
of the year when most Swedes prefer to have their holiday. The highest peak
are around day 280 which is in the middle of October. It is more common
for men to receive their PSA tests in the autumn, just not as much as we
thought.

We also studied if more men applied for a PSA test after any of our
selected articles about screening and PSA. We created a triangle function to
study this. The triangle function where created to find the highest predicted
value within 120 days from the article was published and created a triangle
from that. The variable I(tgl(Date_Anna)) represent the triangle function
and the variable is significant, which imply that we can trust our result. The
graph, Figure 8, below illustrates the function.
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Figure 8: Triangle function over the growth of PSA test 120 days after a
published article

It is possible to see a raise in the received number of PSA tests during
the 120 day, although it is extremely low. Simple calculations for the graph,
Figure 8, gives 8e− 07 · 120/2 = 0.000048. This is an extremely low growth
over 120 days and therefor it is hard to say media have any influence of the
increased number of received PSA tests among men.

4.2.4 Negative Binomial Zero-Inflated Model

Because of the tremendous amount of zero values the negative binomial zero-
inflated model is implemented. The full output can be found in Appendix
B.1.4. All the p-values are statistically significant, lower than 2e-16. This
imply that the estimations are most likely fair. The output results for the
estimated values for the zero-inflated model with negative binomial as log
link is shown below.

Pearson residuals:
Min 1Q Median 3Q Max

-1.672653 -0.264604 -0.099197 -0.007562 151.930267
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Count model coefficients (negbin with log link):
Estimate

(Intercept) -1.352e+01
Col1 -3.910e+01
Col2 -1.683e+01
Y1 2.444e-01
Y2 5.901e-01
Y3 2.028e-01
LaenGävle -3.125e-01
LaenUppsala -3.072e-01
LaenVärmland -1.214e-01
LaenÖrebro -3.955e-01
WeekdayMonday 2.790e-01
WeekdaySaturday -4.041e+00
WeekdaySunday -4.347e+00
WeekdayThursday 2.175e-01
WeekdayTuesday 3.594e-01
WeekdayWednesday 2.712e-01
eduLow -3.939e+00
eduMedium -7.867e-01
AgegroupAge 25 to 34 1.631e+00
AgegroupAge 35 to 44 2.909e+00
AgegroupAge 45 to 54 4.104e+00
AgegroupAge 55 to 64 4.858e+00
AgegroupAge 65 to 74 5.115e+00
AgegroupAge 75 to 84 4.918e+00
AgegroupAge 85 and older 4.539e+00
I(tgl(Date_Anna)) 3.348e-03
Log(theta) 1.401e+00
---

Theta = 4.0587
Number of iterations in BFGS optimization: 325
Log-likelihood: -2.425e+05 on 53 Df

The intercept, α, for the model is -13.52. All of the estimated values for the
categories are really similar to the zero-inflated Poisson regression model. By
analyzing the estimations for the negative binomial zero-inflated model it is
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possible to see that the reference category for the districts is Dalarna. All the
estimations for the other districts have negative values. This implies that all
other districts have fewer received PSA tests compared to Dalarna. Dalarna
is the district with most received PSA tests in relation to population size.
The district Örebro is the district with the lowest estimated value, -0.40, this
imply that Örebro is the district with fewest received PSA tests. Gävleborg
has 0.31 times fewer received PSA tests compared to Dalarna and Uppsala
has 0.31 times fewer PSA tests compared to Dalarna. Värmland only has
0.12 times fewer received PSA tests compared to Dalarna.

Friday is the reference category for the weekdays. The weekend, Saturday
and Sunday, has negative values which implies that during those days has
fewer received PSA tests. Saturday has 4.35 and Saturday has 4.04 times
fewer PSA tests compared to Fridays. Monday has 0.28 times more PSA tests
compared to Fridays and Tuesday has 0.36 times more PSA tests compared
to Fridays. Wednesday has 0.27 times more PSA tests compared to Fridays
and Thursday has 0.22 times more PSA tests compared to Fridays. Tuesday
is the day of the week where most PSA tests are received.

Analyzing the educations levels it is possible to see that the education
level high is the reference category. The education level low and medium both
have negative values. This implies that men with low or medium education
level received fewer PSA tests compared to men with high education. Men
with low education level has 3.94 times fewer received PSA tests compared to
men with high education. Men with medium education level has 0.79 times
fewer received PSA tests compared to men with high education.

By analyzing the age ranges it is possible to spot that "Age 15 to 24"
is the reference category. All the other age groups has positive estimations
compare to the reference category. This implies that the other age groups has
received more PSA tests compared to the age group "Age 15 to 24". The age
group "Age 25 to 34" has 1.63 times more compared to the reference category
and the age group "Age 35 to 44" has 2.91 times more received PSA tests
compared to the reference category. The age group "Age 45 to 54" has 4.10
times more received PSA tests compared to the reference category and the
age group "Age 55 to 64" has 4.86 times more received PSA test compared
to the age group "Age 15 to 24". Compared to the reference category the
age group "Age 65 to 74" has received 5.12 times more PSA tests. At last,
the age groups "Age 75 to 84" and "Age 85 and older", has 4.92 respectively
4.54 time more received PSA tests compared to the age group "Age 15 to
24". It is all reasonable for younger men to have fewer received PSA tests,
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since it is more common for older men to receive prostate cancer.
The age group "Age 65 to 74" received most PSA tests. This is also

reasonable since it is high risk group to receive prostate cancer that need
treatment. It is more common for older men to die from another causes then
due to prostate cancer. Therefore doctors may be more careful letting older
men receive PSA tests. This may be a reason of the decreasing trend for the
two oldest age groups.

By applying an AIC test for the zero-inflated negative binomial model we
get the following result.

AIC: 485024.8

The AIC value for the zero-inflated negative binomial model is 485024.8. By
comparing this to the zero-inflated Poisson regression model, that had an
AIC value at 491 636.7, the zero-inflated negative binomial model has the
smaller value. This imply that the zero-inflated negative binomial model is
more accurate than the zero-inflated Poisson regression model.

A cyclic spline and the triangle function where created for this model as
well but they were exactly the same as for the zero-inflated Poisson regression
model, Figure 7 and Figure 8.

4.2.5 The Hurdle Model (Poisson)

The hurdle model is also a good model to investigate for a dataset with
tremendous amount of zeros. The full output can be found in Appendix
B.1.5. All the p-values are statistically significant for all the categories. This
implies that the estimated values are most likely fair. The estimated values
for the hurdle model with truncated Poisson as log link from the output is
shown below.

Pearson residuals:
Min 1Q Median 3Q Max

-2.17086 -0.27090 -0.10221 -0.01642 293.32718

Count model coefficients (truncated poisson with log link):
Estimate

(Intercept) -12.623
Col1 18.127
Col2 22.304
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Col3 25.126
Col4 29.220
Col5 43.259
Col6 25.739
Y1 0.198
Y2 0.683
Y3 0.253
LaenGävle -0.317
LaenUppsala -0.302
LaenVärmland -0.083
LaenÖrebro -0.271
WeekdayMonday 0.236
WeekdaySaturday -4.151
WeekdaySunday -4.534
WeekdayThursday 0.184
WeekdayTuesday 0.302
WeekdayWednesday 0.214
eduLow -2.320
eduMedium -0.748
AgegroupAge 25 to 34 1.141
AgegroupAge 35 to 44 2.311
AgegroupAge 45 to 54 3.392
AgegroupAge 55 to 64 4.060
AgegroupAge 65 to 74 4.231
AgegroupAge 75 to 84 3.978
AgegroupAge 85 and older 3.690
I(tgl(Date_Anna)) 0.003
---
Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Number of iterations in BFGS optimization: 38
Log-likelihood: -2.491e+05 on 60 Df

The intercept, α, is equal to -12.623 for the model.
Dalarna is the reference category for the districts. All the estimations for

the districts Gävleborg, Uppsala, Värmland and Örebro have negative values.
This imply that all districts have fewer PSA tests compared to Dalarna.
The district Gävleborg has 0.32 timed fewer received PSA test compared to
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Dalarnaa and Uppsala has 0.302 times fewer received PSA tests compared to
Dalarna. Värmland has 0.08 and Örebo has 0.271 times fewer received PSA
tests compared to Dalarna. Dalarna is the district with least received PSA
tests and Uppsala is the district with highest received PSA tests.

Friday is the reference category for the weekdays. The weekend, Saturday
and Sunday, has negative estimated values. This implies that more men
received PSA tests during the weekends. Saturday has 4.53 fewer received
PSA tests compared to Friday and Saturday has 4.15 times fewer PSA tests
compared to Friday. Monday has 0.24 times more and Tuesday has 0.30 times
more received PSA tests compared to Friday. Wednesday has 0.21 time more
and Thursdays has 0.18 times more received PSA tests compare to Friday.
For this model as well, Tuesday is the weekday with most received PSA tests.

By analyzing the education levels, it is possible to see that education level
high is the reference category. The education levels low and medium both
has negative estimated values. This implies that most received PSA tests are
for men with high education. Men with low education level has 2.32 times
fewer PSA tests compared to men with high education. Men with medium
education level has 0.75 times fewer PSA tests compared to men with high
education.

For the age groups, the reference category is "Age 15 to 24". All the
other age groups have a positive estimation. This implies that all the other
age groups have more received PSA tests compared to the reference category,
"Age 15 to 24".

The age group "Age 25 to 34" has 1.14 time more and the age group
"Age 35 to 44" has 2.31 times more received PSA tests compared to the age
group "Age 15 to 24". The age group "Age 45 to 54" has 3.39 times more
and the age group "Age 55 to 64" has 4.06 times more received PSA tests
compared to the age group "Age 15 to 24". The age group "Age 65 to 74"
has received most PSA tests, 4.23 times more compared to the age group
"Age 15 to 24", for all of the age groups. The two oldest age groups, "Age 75
to 84" and "Age 85 and older", has received 3.98 and 3.69 times more PSA
tests compared to the age group "Age 15 to 24".

All the estimated values for the hurdle model are really similar as to the
two zero-inflated models.

An AIC test is applied on the model. The AIC test for the hurdle model
is

AIC : 498 414.7
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The AIC test here for the hurdle model is higher than for both the zero-
inflated models. This imply that both zero-inflated models are more accurate
compared to the hurdle model.

A cyclic spline was made for the data and a graph was made over the
predicted values, illustrated in Figure 9, below

Figure 9: A cyclic spline over the predicted values for the hurdle model

The graph show us our hypothesis we had in the begging of this paper
seems to be correct. By analyzing the graph, Figure 9, we can see a little
higher peak in the autumn and a lower one in the summer. Although, the
seasonality may look quite high but by studying the y-axis, the predicted
values are only up to 3e-05. The lowest peak is around day 200 which is in
the middle of July. This is the time of the year when most Swedes prefer
to have their summer holiday and probably the reason why it goes down.
The highest peak is around day 280 which is in the middle of October. This
show us it is more common for men to receive their PSA tests in the autumn,
just not as much as we thought. By comparing this spline to the one for the
zero-inflated model we can see many similarities even though the graph are
not illustrated exactly the same.

We also studied if more men applied for PSA test after any of our selected
articles about screening and PSA. We created a triangle function to find the
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highest predicted value within 120 days from an article was published and
created a triangle from that. The variable I(tgl(Date_Anna)) represent
the triangle function and the variable is significant, which imply that we can
trust our result. The graph, Figure 10, below illustrates the function.

Figure 10: Triangle function over the growth of PSA tests 120 days after a
published article

There is a raise in the number of received PSA tests during the 120 day,
although it is extremely low. Simple calculations for the graph, Figure 8,
gives us 9e−08·120/2 = 5.4e−06. This is an extremely low growth over 120
days and therefor it is hard to say media have any influence of the increased
number of received PSA tests among men.

4.3 The Count Variable LUTS

Computations for the different models were also done for the count variable
LUTS. Although the result was poor, all because the group are quite small. It
was not possible to get any descent graph for any of the models, the average
number of received PSA tests was too low. Since all of the result was really
poor and not many categories was significant I will not describe any of the
result further. Although, the outputs can be found in Appendix B.2.
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5 Conclusion
Although the results align with our theory, the indications are minor which
in the end makes the result inconclusive. All the results gave us to small
values which is to hard to draw any conclusions from. It surprised me how
big effect an offset has. The predicted values from the cyclic spline went from
0.04 to 4e-05 for the zero-inflated model and similar for the hurdle model.

Some possible improvements of the data maybe to study gossip magazines
instead of science articles. Gossip magazines may have a bigger reach a
bigger audience of the population and are discussed more. Another possible
improvements of the data maybe to not have such a detailed dataset. For
example, it might be better to study weeks or month instead of days.

There is also possible to do work more with the dataset and define the
category variables more. Since there was many question marks during all
the classifications for the categories. How accurate can you be during the
process and how important is it for your work?

It might also be a good idea to analyze how many PSA tests that where
missed because of the borders. To analyze if it is relevance to the result or
not.

At last, it may be better to only include men who receive their PSA test
for the first time. They may be affected more from media or from seasonality.
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A Appendix - R-code
All calculations for the different models and the graphs have been made in
the computer program R.

A.1 Cubic/Cyclic Spline

The R-code that have been used tor construction of the cubic splines and the
package that are needed to be download for being able to use the function.9

Require to install {mgcv}
install.packages("mgcv")
library(mgcv)

cSplineDes(x, knots, ord=4, derivs=0)

A.2 Poisson Regression

The R-code that have been used for the function Poisson regression and the
package that are needed to be download for the command to work.10

Require to install {MASS}
install.packages("MASS")
library(MASS)

glm(formula, family=gaussian, data, weights, subset,
na.action, start=NULL, etastart, mustart, offset,
control=list(...), model=TRUE, method="glm.fit",
x=FALSE, y=TRUE, singular.ok=TRUE, contrasts=NULL, ...)

A.3 Dispersiotest

dispersiontest(object, trafo = NULL,
alternative = c("greater", "two.sided", "less"))

9 [21.] rdocumentation - cSplineDes
10 [17.] rdocumentation - GLM
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A.4 Negative Binomial and Zero-Inflated Negative Bi-
nomial

The R-code that have been used for the function negative binomial Poisson
regression model and for the zero-inflated binomial regression model. This
function require the previous package to be able to use. 11

glm.nb(formula, data, weights, subset, na.action,
start=NULL, etastart, mustart,
control=glm.control(...), method="glm.fit",
model=TRUE, x=FALSE, y=TRUE, contrasts=NULL, ...,
init.theta, link=log)

A.5 Zero-Inflated Regression Model

The R-code that have been used in this paper for the zero-inflated regression
model. The functions require to download a package as well to be able to
work in R.12

Require to install {pscl}
install.packages("pscl")
library(pscl)

zeroinf(formula, data, weights, subset, na.action,
start=NULL, etastart, mustart,
control=glm.control(...), method="glm.fit",
model=TRUE, x=FALSE, y=TRUE, contrasts=NULL, ...,
init.theta, link=log)

A.6 The Hurdle Model

The R-code for the function hurdle that have been used in the paper. This
function also require the previous. package 13

11[18.] rdocumentation - Negative Binomial GLM
12 [18.] rdocumentation - Negative Binomial GLM
13[20.] rdocumantation - Hurdle function
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hurdle(formula, data, subset, na.action, weights, offset,
dist=c("poisson", "negbin", "geometric"),
zero.dist=c("binomial","poisson","negbin","geometric"),
link=c("logit", "probit", "cloglog", "cauchit", "log"),
control=hurdle.control(...),
model=TRUE, y=TRUE, x=FALSE,...)

A.7 Predict

The R-Code that have been use for calculations of the predictions. 14

Predict(object, newdata, se.fit=FALSE, scale=NULL, df=Inf,
interval=c("none", "confidence", "prediction"),
level=0.95, type = c("response", "terms"),
terms=NULL, na.action=na.pass,
pred.var=res.var/weights, weights=1, ...)

B Appendix - Output from R

B.1 The Count Variable Otherwise

B.1.1 Poisson Regression Model

Call:
glm(formula = Other ~ (Col1 + Col2 + Col3 + Col4 + Col5)

+ (Y1 + Y2 + Y3) + Laen + Weekday + edu + Agegroup
+ offset(log(Befolk_Laen)), family = poisson(link = log),
data = Tot1)

Deviance Residuals:
Min 1Q Median 3Q Max

-3.9934 -0.4052 -0.1631 -0.0310 8.3323

Coefficients: (1 not defined because of singularities)
Estimate Std. Error z value Pr(>|z|)

(Intercept) -14.191700 0.041174 -344.673 < 2e-16 ***

14 [22.] rdocumentation - Prediction
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Col1 -8.594034 0.570594 -15.062 < 2e-16 ***
Col2 17.444549 0.478626 36.447 < 2e-16 ***
Col3 8.921180 0.513091 17.387 < 2e-16 ***
Col4 17.803063 0.462534 38.490 < 2e-16 ***
Col5 29.672896 0.520349 57.025 < 2e-16 ***
Y1 0.519527 0.008197 63.378 < 2e-16 ***
Y2 1.273748 0.016775 75.931 < 2e-16 ***
Y3 0.012032 0.006142 1.959 0.0501 .
LaenGävle 0.049208 0.006462 7.615 2.64e-14 ***
LaenUppsala 0.064838 0.006417 10.104 < 2e-16 ***
LaenVärmland 0.251827 0.006210 40.550 < 2e-16 ***
LaenÖrebro -0.087698 0.006796 -12.904 < 2e-16 ***
WeekdayMonday 0.274378 0.006662 41.183 < 2e-16 ***
WeekdaySaturday -4.054397 0.038451 -105.442 < 2e-16 ***
WeekdaySunday -4.354005 0.044550 -97.733 < 2e-16 ***
WeekdayThursday 0.214769 0.006753 31.806 < 2e-16 ***
WeekdayTuesday 0.357219 0.006547 54.564 < 2e-16 ***
WeekdayWednesday 0.267205 0.006673 40.045 < 2e-16 ***
eduLow -4.026893 0.018250 -220.653 < 2e-16 ***
eduMedium -0.809484 0.004352 -185.990 < 2e-16 ***
AgegroupAge 25 to 34 1.613350 0.044464 36.285 < 2e-16 ***
AgegroupAge 35 to 44 2.901713 0.041226 70.386 < 2e-16 ***
AgegroupAge 45 to 54 4.124646 0.040432 102.014 < 2e-16 ***
AgegroupAge 55 to 64 4.892610 0.040249 121.559 < 2e-16 ***
AgegroupAge 65 to 74 5.104421 0.040256 126.799 < 2e-16 ***
AgegroupAge 75 to 84 4.866286 0.040474 120.232 < 2e-16 ***
AgegroupAge 85 and older 4.515183 0.041666 108.365 < 2e-16 ***
---
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

(Dispersion parameter for poisson family taken to be 1)

Null deviance: 927512 on 438239 degrees of freedom
Residual deviance: 281887 on 438212 degrees of freedom
AIC: 525790

Number of Fisher Scoring iterations: 7
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B.1.2 Negative Binomial Generalized Linear Regression Model

Call:
glm.nb(formula = Other ~ (Col1 + Col2 + Col3 + Col4 + Col5 +

Col6) + (Y1 + Y2 + Y3) + Laen + I(Weekday %in% c("Saturday",
"Sunday")) + edu + Agegroup + offset(log(Befolk_Laen)), data = Tot1,
subset = Agegroup %in% c("Age 16 to 24", "Age 25 to 34"),
init.theta = 1.822626069, link = log)

Deviance Residuals:
Min 1Q Median 3Q Max

-0.8437 -0.2332 -0.0619 -0.0244 4.8814

Coefficients:
Estimate Std. Error z value Pr(>|z|)

(Intercept) -13.816264 0.083659 -165.150 < 2e-16 ***
Col1 26.233093 3.907000 6.714 1.89e-11 ***
Col2 30.213721 3.803717 7.943 1.97e-15 ***
Col3 30.456908 4.274637 7.125 1.04e-12 ***
Col4 40.658159 4.375338 9.293 < 2e-16 ***
Col5 43.024544 4.309424 9.984 < 2e-16 ***
Col6 23.004431 4.380650 5.251 1.51e-07 ***
Y1 0.565591 0.074154 7.627 2.40e-14 ***
Y2 1.438397 0.151132 9.518 < 2e-16 ***
Y3 0.355445 0.052401 6.783 1.18e-11 ***
LaenGävle 0.264678 0.057465 4.606 4.11e-06 ***
LaenUppsala 0.004239 0.055710 0.076 0.9394
LaenVärmland 0.150836 0.058756 2.567 0.0103 *
LaenÖrebro -0.085155 0.060715 -1.403 0.1608
I(Weekday %in%
c("Saturday", "Sunday"))TRUE -4.625507 0.278059 -16.635 < 2e-16 ***
eduLow -4.699158 0.197181 -23.832 < 2e-16 ***
eduMedium -1.853812 0.051482 -36.009 < 2e-16 ***
AgegroupAge 25 to 34 1.612052 0.045261 35.617 < 2e-16 ***
---
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

(Dispersion parameter for Negative Binomial(1.8226) family taken to be 1)
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Null deviance: 22699 on 109559 degrees of freedom
Residual deviance: 14353 on 109542 degrees of freedom
AIC: 22090

Number of Fisher Scoring iterations: 1

Theta: 1.823
Std. Err.: 0.277

2 x log-likelihood: -22052.436

B.1.3 Zero-Inflated Regression Model

Call:
zeroinfl(formula = Other ~ (Col1 + Col2 + Col3 + Col4 +

Col5 + Col6) + (Y1 + Y2 + Y3) + Laen + Weekday + edu +
Agegroup + I(tgl(Date_Anna)) + offset(log(Befolk_Laen)),
data = Tot1, dist = "poisson")

Pearson residuals:
Min 1Q Median 3Q Max

-2.6205 -0.2811 -0.1140 -0.0221 170.9005

Count model coefficients (poisson with log link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) -1.339e+01 4.584e-02 -292.05 <2e-16 ***
Col1 2.123e+01 4.659e-01 45.58 <2e-16 ***
Col2 2.414e+01 4.405e-01 54.81 <2e-16 ***
Col3 2.598e+01 5.046e-01 51.49 <2e-16 ***
Col4 3.193e+01 5.148e-01 62.02 <2e-16 ***
Col5 4.404e+01 5.157e-01 85.39 <2e-16 ***
Col6 2.493e+01 5.170e-01 48.23 <2e-16 ***
Y1 1.539e-01 8.989e-03 17.12 <2e-16 ***
Y2 4.352e-01 1.965e-02 22.15 <2e-16 ***
Y3 2.691e-01 7.041e-03 38.22 <2e-16 ***
LaenGävle -3.861e-01 6.971e-03 -55.40 <2e-16 ***
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LaenUppsala -3.707e-01 6.912e-03 -53.62 <2e-16 ***
LaenVärmland -1.581e-01 6.691e-03 -23.63 <2e-16 ***
LaenÖrebro -3.265e-01 7.629e-03 -42.80 <2e-16 ***
WeekdayMonday 2.740e-01 7.049e-03 38.87 <2e-16 ***
WeekdaySaturday -4.011e+00 4.515e-02 -88.84 <2e-16 ***
WeekdaySunday -4.330e+00 5.154e-02 -84.03 <2e-16 ***
WeekdayThursday 2.128e-01 7.141e-03 29.80 <2e-16 ***
WeekdayTuesday 3.455e-01 6.915e-03 49.96 <2e-16 ***
WeekdayWednesday 2.546e-01 7.047e-03 36.13 <2e-16 ***
eduLow -4.046e+00 2.108e-02 -191.91 <2e-16 ***
eduMedium -7.853e-01 4.850e-03 -161.92 <2e-16 ***
AgegroupAge 25 to 34 1.637e+00 4.935e-02 33.18 <2e-16 ***
AgegroupAge 35 to 44 2.965e+00 4.573e-02 64.83 <2e-16 ***
AgegroupAge 45 to 54 4.172e+00 4.477e-02 93.20 <2e-16 ***
AgegroupAge 55 to 64 4.920e+00 4.458e-02 110.36 <2e-16 ***
AgegroupAge 65 to 74 5.118e+00 4.460e-02 114.76 <2e-16 ***
AgegroupAge 75 to 84 4.900e+00 4.484e-02 109.28 <2e-16 ***
AgegroupAge 85 and older 4.572e+00 4.651e-02 98.32 <2e-16 ***
I(tgl(Date_Anna)) 2.995e-03 1.933e-04 15.49 <2e-16 ***

Zero-inflation model coefficients (binomial with logit link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) -7.773327 0.286751 -27.108 < 2e-16 ***
Col1 -34.379020 3.513309 -9.785 < 2e-16 ***
Col2 -14.186741 3.137216 -4.522 6.12e-06 ***
Col3 -4.872622 3.635087 -1.340 0.18010
Col4 -27.220757 3.577808 -7.608 2.78e-14 ***
Col5 -6.648022 3.622304 -1.835 0.06646 .
Col6 -3.589198 3.445107 -1.042 0.29749
Y1 -2.635154 0.075804 -34.763 < 2e-16 ***
Y2 -7.989268 0.174656 -45.743 < 2e-16 ***
Y3 2.821903 0.073371 38.461 < 2e-16 ***
LaenGävle -4.209841 0.095864 -43.915 < 2e-16 ***
LaenUppsala -4.225331 0.098269 -42.997 < 2e-16 ***
LaenVärmland -3.462899 0.080353 -43.096 < 2e-16 ***
LaenÖrebro -1.173006 0.045408 -25.833 < 2e-16 ***
WeekdayMonday 0.026467 0.048413 0.547 0.58459
WeekdaySaturday 0.462611 0.237557 1.947 0.05149 .
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WeekdaySunday 0.269166 0.279768 0.962 0.33600
WeekdayThursday 0.013133 0.048744 0.269 0.78759
WeekdayTuesday -0.091992 0.048053 -1.914 0.05557 .
WeekdayWednesday -0.117653 0.048610 -2.420 0.01551 *
eduLow -0.324510 0.147970 -2.193 0.02830 *
eduMedium 0.276412 0.036094 7.658 1.89e-14 ***
AgegroupAge 25 to 34 0.453050 0.306838 1.477 0.13981
AgegroupAge 35 to 44 0.890777 0.287796 3.095 0.00197 **
AgegroupAge 45 to 54 0.786988 0.284000 2.771 0.00559 **
AgegroupAge 55 to 64 0.485661 0.283917 1.711 0.08716 .
AgegroupAge 65 to 74 0.447533 0.284115 1.575 0.11521
AgegroupAge 75 to 84 1.114617 0.285083 3.910 9.24e-05 ***
AgegroupAge 85 and older 2.558724 0.294781 8.680 < 2e-16 ***
I(tgl(Date_Anna)) -0.005817 0.002769 -2.101 0.03566 *
---
Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Number of iterations in BFGS optimization: 93
Log-likelihood: -2.458e+05 on 60 Df

B.1.4 The Zero-Inflated Negative Binomial Model

Call:
zeroinfl(formula = Other ~ (Col1 + Col2) + (Y1 + Y2 + Y3) +

Laen + Weekday + edu + Agegroup + I(tgl(Date_Anna)) +
offset(log(Befolk_Laen)), data = Tot1, dist = "negbin")

Pearson residuals:
Min 1Q Median 3Q Max

-1.672653 -0.264604 -0.099197 -0.007562 151.930267

Count model coefficients (negbin with log link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) -1.352e+01 4.210e-02 -321.24 <2e-16 ***
Col1 -3.910e+01 9.211e-01 -42.45 <2e-16 ***
Col2 -1.683e+01 7.743e-01 -21.74 <2e-16 ***
Y1 2.444e-01 1.065e-02 22.95 <2e-16 ***
Y2 5.901e-01 2.209e-02 26.71 <2e-16 ***
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Y3 2.028e-01 8.093e-03 25.06 <2e-16 ***
LaenGävle -3.125e-01 8.535e-03 -36.61 <2e-16 ***
LaenUppsala -3.072e-01 8.494e-03 -36.16 <2e-16 ***
LaenVärmland -1.214e-01 8.294e-03 -14.64 <2e-16 ***
LaenÖrebro -3.955e-01 8.835e-03 -44.77 <2e-16 ***
WeekdayMonday 2.790e-01 8.370e-03 33.33 <2e-16 ***
WeekdaySaturday -4.041e+00 3.904e-02 -103.50 <2e-16 ***
WeekdaySunday -4.347e+00 4.496e-02 -96.69 <2e-16 ***
WeekdayThursday 2.175e-01 8.448e-03 25.74 <2e-16 ***
WeekdayTuesday 3.594e-01 8.270e-03 43.46 <2e-16 ***
WeekdayWednesday 2.712e-01 8.378e-03 32.37 <2e-16 ***
eduLow -3.939e+00 1.883e-02 -209.23 <2e-16 ***
eduMedium -7.867e-01 5.395e-03 -145.82 <2e-16 ***
AgegroupAge 25 to 34 1.631e+00 4.482e-02 36.40 <2e-16 ***
AgegroupAge 35 to 44 2.909e+00 4.154e-02 70.05 <2e-16 ***
AgegroupAge 45 to 54 4.104e+00 4.073e-02 100.74 <2e-16 ***
AgegroupAge 55 to 64 4.858e+00 4.054e-02 119.83 <2e-16 ***
AgegroupAge 65 to 74 5.115e+00 4.055e-02 126.15 <2e-16 ***
AgegroupAge 75 to 84 4.918e+00 4.077e-02 120.61 <2e-16 ***
AgegroupAge 85 and older 4.539e+00 4.196e-02 108.19 <2e-16 ***
I(tgl(Date_Anna)) 3.348e-03 2.392e-04 14.00 <2e-16 ***
Log(theta) 1.401e+00 1.426e-02 98.26 <2e-16 ***

Zero-inflation model coefficients (binomial with logit link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) 9.077e+01 3.194e+02 0.284 0.7763
Col1 -2.418e+01 3.097e+01 -0.781 0.4349
Col2 -2.675e+01 2.321e+01 -1.152 0.2492
Y1 -4.625e+01 9.132e+01 -0.506 0.6125
Y2 -4.098e+02 1.204e+03 -0.340 0.7337
Y3 1.712e+02 3.478e+02 0.492 0.6225
LaenGävle -1.255e+02 3.463e+02 -0.362 0.7171
LaenUppsala -1.253e+02 3.463e+02 -0.362 0.7175
LaenVärmland -1.260e+02 3.463e+02 -0.364 0.7159
LaenÖrebro -7.859e+01 1.449e+02 -0.542 0.5876
WeekdayMonday 4.308e-01 2.624e-01 1.642 0.1006
WeekdaySaturday 9.669e-01 1.355e+00 0.714 0.4754
WeekdaySunday -1.657e+00 3.042e+00 -0.545 0.5859
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WeekdayThursday 4.653e-01 2.640e-01 1.763 0.0779 .
WeekdayTuesday 1.892e-02 2.667e-01 0.071 0.9434
WeekdayWednesday 1.965e-01 2.671e-01 0.736 0.4619
eduLow 1.560e+01 1.574e+01 0.991 0.3217
eduMedium 1.139e+01 1.574e+01 0.724 0.4690
AgegroupAge 25 to 34 1.328e+01 NA NA NA
AgegroupAge 35 to 44 1.342e+01 NA NA NA
AgegroupAge 45 to 54 1.205e+01 NA NA NA
AgegroupAge 55 to 64 9.840e+00 NA NA NA
AgegroupAge 65 to 74 9.053e+00 NA NA NA
AgegroupAge 75 to 84 -4.749e+00 NA NA NA
AgegroupAge 85 and older -5.678e-01 NA NA NA
I(tgl(Date_Anna)) 3.376e-02 8.066e-03 4.185 2.85e-05 ***
---
Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Theta = 4.0587
Number of iterations in BFGS optimization: 325
Log-likelihood: -2.425e+05 on 53 Df
Warning message:
In sqrt(diag(object$vcov)) : NaNs produced

B.1.5 The Hurdle Model

Call:
hurdle(formula = Other ~ (Col1 + Col2 + Col3 + Col4 + Col5 + Col6)

+ (Y1 + Y2 + Y3) + Laen + Weekday + edu + Agegroup
+ I(tgl(Date_Anna)) + offset(log(Befolk_Laen)), data = Tot1,
dist = "poisson", link = "logit")

Pearson residuals:
Min 1Q Median 3Q Max

-2.17086 -0.27090 -0.10221 -0.01642 293.32718

Count model coefficients (truncated poisson with log link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) -12.622651 0.194938 -64.75 < 2e-16 ***
Col1 18.127032 0.509031 35.61 < 2e-16 ***
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Col2 22.303589 0.481996 46.27 < 2e-16 ***
Col3 25.126462 0.560161 44.86 < 2e-16 ***
Col4 29.219573 0.571188 51.16 < 2e-16 ***
Col5 43.258631 0.588863 73.46 < 2e-16 ***
Col6 25.739301 0.594656 43.28 < 2e-16 ***
Y1 0.197679 0.009655 20.47 < 2e-16 ***
Y2 0.683031 0.021367 31.97 < 2e-16 ***
Y3 0.252675 0.007191 35.14 < 2e-16 ***
LaenGävle -0.317406 0.007535 -42.12 < 2e-16 ***
LaenUppsala -0.301614 0.007481 -40.32 < 2e-16 ***
LaenVärmland -0.082966 0.007106 -11.68 < 2e-16 ***
LaenÖrebro -0.271383 0.007906 -34.33 < 2e-16 ***
WeekdayMonday 0.236317 0.007754 30.48 < 2e-16 ***
WeekdaySaturday -4.151155 0.300275 -13.82 < 2e-16 ***
WeekdaySunday -4.533844 0.407046 -11.14 < 2e-16 ***
WeekdayThursday 0.184205 0.007880 23.38 < 2e-16 ***
WeekdayTuesday 0.302394 0.007595 39.81 < 2e-16 ***
WeekdayWednesday 0.213619 0.007776 27.47 < 2e-16 ***
eduLow -2.319666 0.053956 -42.99 < 2e-16 ***
eduMedium -0.748024 0.005345 -139.94 < 2e-16 ***
AgegroupAge 25 to 34 1.140999 0.202657 5.63 1.8e-08 ***
AgegroupAge 35 to 44 2.311216 0.195240 11.84 < 2e-16 ***
AgegroupAge 45 to 54 3.391858 0.194681 17.42 < 2e-16 ***
AgegroupAge 55 to 64 4.060449 0.194622 20.86 < 2e-16 ***
AgegroupAge 65 to 74 4.231044 0.194625 21.74 < 2e-16 ***
AgegroupAge 75 to 84 3.977638 0.194730 20.43 < 2e-16 ***
AgegroupAge 85 and older 3.690482 0.196699 18.76 < 2e-16 ***
I(tgl(Date_Anna)) 0.003168 0.000208 15.23 < 2e-16 ***
Zero hurdle model coefficients (binomial with logit link):

Estimate Std. Error z value Pr(>|z|)
(Intercept) -1.496e+01 4.784e-02 -312.653 < 2e-16 ***
Col1 3.601e+01 1.226e+00 29.359 < 2e-16 ***
Col2 3.067e+01 1.172e+00 26.183 < 2e-16 ***
Col3 2.859e+01 1.262e+00 22.666 < 2e-16 ***
Col4 4.268e+01 1.274e+00 33.486 < 2e-16 ***
Col5 4.496e+01 1.160e+00 38.763 < 2e-16 ***
Col6 2.357e+01 1.183e+00 19.935 < 2e-16 ***
Y1 8.142e-01 2.265e-02 35.940 < 2e-16 ***
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Y2 1.818e+00 3.837e-02 47.383 < 2e-16 ***
Y3 -4.077e-01 1.630e-02 -25.013 < 2e-16 ***
LaenGävle 6.322e-01 1.708e-02 37.004 < 2e-16 ***
LaenUppsala 6.353e-01 1.696e-02 37.465 < 2e-16 ***
LaenVärmland 7.466e-01 1.707e-02 43.750 < 2e-16 ***
LaenÖrebro 7.374e-02 1.716e-02 4.298 1.73e-05 ***
WeekdayMonday 3.381e-01 1.722e-02 19.639 < 2e-16 ***
WeekdaySaturday -4.381e+00 4.169e-02 -105.097 < 2e-16 ***
WeekdaySunday -4.689e+00 4.739e-02 -98.941 < 2e-16 ***
WeekdayThursday 2.636e-01 1.724e-02 15.294 < 2e-16 ***
WeekdayTuesday 4.431e-01 1.721e-02 25.750 < 2e-16 ***
WeekdayWednesday 3.557e-01 1.721e-02 20.664 < 2e-16 ***
eduLow -4.515e+00 2.240e-02 -201.567 < 2e-16 ***
eduMedium -8.837e-01 1.131e-02 -78.154 < 2e-16 ***
AgegroupAge 25 to 34 1.659e+00 4.707e-02 35.242 < 2e-16 ***
AgegroupAge 35 to 44 2.995e+00 4.414e-02 67.865 < 2e-16 ***
AgegroupAge 45 to 54 4.314e+00 4.382e-02 98.453 < 2e-16 ***
AgegroupAge 55 to 64 5.205e+00 4.425e-02 117.630 < 2e-16 ***
AgegroupAge 65 to 74 5.670e+00 4.440e-02 127.704 < 2e-16 ***
AgegroupAge 75 to 84 5.605e+00 4.396e-02 127.504 < 2e-16 ***
AgegroupAge 85 and older 4.792e+00 4.428e-02 108.213 < 2e-16 ***
I(tgl(Date_Anna)) 9.782e-04 5.347e-04 1.829 0.0673 .
---
Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Number of iterations in BFGS optimization: 38
Log-likelihood: -2.491e+05 on 60 Df

B.2 The Count Variable LUTS

B.2.1 Poisson Regression Model

Call:
glm(formula = LUTS ~ (Col1 + Col2 + Col3 + Col4 + Col5 + Col6) +

(Y1 + Y2 + Y3) + Laen + Weekday + edu + Agegroup,
family = poisson(link = log), data = Tot1,
weights = offset(log(Befolk_Laen)))
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Deviance Residuals:
Min 1Q Median 3Q Max

-11.3320 -0.8767 -0.2855 -0.0445 17.8280

Coefficients:
Estimate Std. Error z value Pr(>|z|)

(Intercept) -7.833292 0.066333 -118.09 <2e-16 ***
Col1 26.970958 0.170550 158.14 <2e-16 ***
Col2 24.104801 0.167801 143.65 <2e-16 ***
Col3 26.295972 0.187207 140.46 <2e-16 ***
Col4 30.154175 0.189959 158.74 <2e-16 ***
Col5 39.046212 0.186687 209.15 <2e-16 ***
Col6 20.188829 0.189573 106.50 <2e-16 ***
Y1 0.433209 0.003234 133.96 <2e-16 ***
Y2 1.104481 0.006337 174.29 <2e-16 ***
Y3 -0.085383 0.002473 -34.53 <2e-16 ***
LaenGävle 0.285216 0.002577 110.69 <2e-16 ***
LaenUppsala 0.308579 0.002567 120.23 <2e-16 ***
LaenVärmland 0.437558 0.002499 175.11 <2e-16 ***
LaenÖrebro -0.175596 0.002888 -60.81 <2e-16 ***
WeekdayMonday 0.414898 0.002643 156.96 <2e-16 ***
WeekdaySaturday -4.031910 0.015534 -259.55 <2e-16 ***
WeekdaySunday -4.352786 0.018193 -239.26 <2e-16 ***
WeekdayThursday 0.267228 0.002727 98.01 <2e-16 ***
WeekdayTuesday 0.416738 0.002642 157.72 <2e-16 ***
WeekdayWednesday 0.325215 0.002692 120.80 <2e-16 ***
eduLow -3.854638 0.007013 -549.63 <2e-16 ***
eduMedium -0.483599 0.001635 -295.69 <2e-16 ***
AgegroupAge 25 to 34 1.857876 0.071285 26.06 <2e-16 ***
AgegroupAge 35 to 44 3.651660 0.067088 54.43 <2e-16 ***
AgegroupAge 45 to 54 5.618152 0.066351 84.67 <2e-16 ***
AgegroupAge 55 to 64 7.373336 0.066252 111.29 <2e-16 ***
AgegroupAge 65 to 74 8.010458 0.066242 120.93 <2e-16 ***
AgegroupAge 75 to 84 7.613057 0.066249 114.92 <2e-16 ***
AgegroupAge 85 and older 6.122038 0.066322 92.31 <2e-16 ***
---
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
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(Dispersion parameter for poisson family taken to be 1)

Null deviance: 6566935 on 438239 degrees of freedom
Residual deviance: 1839395 on 438211 degrees of freedom
AIC: 3575911

Number of Fisher Scoring iterations: 10

B.2.2 Negative Binomial Generalized Linear Model

OBS - warning - iteration limit reached

Call:
glm.nb(formula = LUTS ~ (Col1 + Col2 + Col3 + Col4 + Col5 + Col6)

+ splines::ns(Year, 3) + Laen + I(Weekday %in% c("Saturday",
"Sunday")) + edu + Agegroup + offset(log(Befolk_Laen)), data = Tot1,
subset = Agegroup %in% c("Age 35 to 44", "Age 45 to 54"),
init.theta = 6.71154319, link = log)

Deviance Residuals:
Min 1Q Median 3Q Max

-1.2771 -0.3034 -0.0671 -0.0218 4.7730

Coefficients: (1 not defined because of singularities)
Estimate Std. Error z value Pr(>|z|)

(Intercept) -13.15700 0.05510 -238.794 < 2e-16 ***
Col1 24.00534 2.60070 9.230 < 2e-16 ***
Col2 23.04095 2.55559 9.016 < 2e-16 ***
Col3 24.22149 2.84331 8.519 < 2e-16 ***
Col4 26.05769 2.87878 9.052 < 2e-16 ***
Col5 33.61053 2.79330 12.033 < 2e-16 ***
Col6 13.49385 2.80617 4.809 1.52e-06 ***
splines::ns(Year, 3)1 0.07786 0.04990 1.560 0.119
splines::ns(Year, 3)2 0.34920 0.08770 3.982 6.84e-05 ***
splines::ns(Year, 3)3 -0.59153 0.04082 -14.492 < 2e-16 ***
LaenGävle 0.26956 0.04007 6.727 1.73e-11 ***
LaenUppsala 0.28941 0.03899 7.423 1.14e-13 ***

60



LaenVärmland 0.51013 0.03836 13.298 < 2e-16 ***
LaenÖrebro -0.21607 0.04530 -4.769 1.85e-06 ***
I(Weekday %in%
c("Saturday", "Sunday"))TRUE -4.47034 0.17455 -25.611 < 2e-16 ***
eduLow -5.33270 0.18949 -28.142 < 2e-16 ***
eduMedium -1.40958 0.02999 -47.009 < 2e-16 ***
AgegroupAge 45 to 54 1.97915 0.03608 54.854 < 2e-16 ***
---
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

(Dispersion parameter for Negative Binomial(6.7115) family taken to be 1)

Null deviance: 41461 on 109559 degrees of freedom
Residual deviance: 23193 on 109542 degrees of freedom
AIC: 37061

Number of Fisher Scoring iterations: 1

Theta: 6.71
Std. Err.: 1.47

Warning while fitting theta: iteration limit reached

2 x log-likelihood: -37022.93

B.2.3 Zero-Inflated Regression Model

Call:
zeroinfl(formula = LUTS ~ (Col1 + Col2 + Col3) + Laen

+ Weekday + edu + Agegroup + offset(log(Befolk_Laen)),
data = Tot1, dist = "poisson")

Pearson residuals:
Min 1Q Median 3Q Max

-2.017940 -0.193658 -0.060847 -0.008647 193.953111

Count model coefficients (poisson with log link):
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Estimate Std. Error z value Pr(>|z|)
(Intercept) -16.999967 0.208748 -81.438 < 2e-16 ***
Col1 -25.592260 0.758963 -33.720 < 2e-16 ***
Col2 -2.483879 0.570025 -4.357 1.32e-05 ***
Col3 -1.051976 0.460124 -2.286 0.0222 *
LaenGävle -0.137150 0.008979 -15.275 < 2e-16 ***
LaenUppsala -0.065103 0.008910 -7.307 2.74e-13 ***
LaenVärmland 0.017972 0.008702 2.065 0.0389 *
LaenÖrebro -0.338131 0.010631 -31.806 < 2e-16 ***
WeekdayMonday 0.403549 0.009508 42.444 < 2e-16 ***
WeekdaySaturday -3.864923 0.097993 -39.441 < 2e-16 ***
WeekdaySunday -4.162344 0.113296 -36.739 < 2e-16 ***
WeekdayThursday 0.256430 0.009860 26.006 < 2e-16 ***
WeekdayTuesday 0.388163 0.009508 40.824 < 2e-16 ***
WeekdayWednesday 0.300705 0.009710 30.968 < 2e-16 ***
eduLow -2.275844 0.046112 -49.355 < 2e-16 ***
eduMedium -0.383855 0.005982 -64.172 < 2e-16 ***
AgegroupAge 25 to 34 3.156491 0.387792 8.140 3.96e-16 ***
AgegroupAge 35 to 44 4.441363 0.228050 19.475 < 2e-16 ***
AgegroupAge 45 to 54 6.171387 0.209859 29.407 < 2e-16 ***
AgegroupAge 55 to 64 7.701810 0.208635 36.915 < 2e-16 ***
AgegroupAge 65 to 74 8.511170 0.208578 40.806 < 2e-16 ***
AgegroupAge 75 to 84 8.732928 0.208610 41.863 < 2e-16 ***
AgegroupAge 85 and older 8.140369 0.208811 38.984 < 2e-16 ***

Zero-inflation model coefficients (binomial with logit link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) -22.42608 187.07652 -0.120 0.904581
Col1 -18.66367 3.40032 -5.489 4.05e-08 ***
Col2 -0.24911 2.40716 -0.103 0.917577
Col3 -13.24333 1.85422 -7.142 9.18e-13 ***
LaenGävle -1.52917 0.03725 -41.050 < 2e-16 ***
LaenUppsala -1.47312 0.03595 -40.974 < 2e-16 ***
LaenVärmland -1.75057 0.04023 -43.510 < 2e-16 ***
LaenÖrebro -0.43991 0.03321 -13.245 < 2e-16 ***
WeekdayMonday -0.06256 0.03890 -1.608 0.107803
WeekdaySaturday 0.68422 0.33614 2.036 0.041799 *
WeekdaySunday 0.80879 0.36231 2.232 0.025596 *
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WeekdayThursday -0.06398 0.04022 -1.591 0.111635
WeekdayTuesday -0.15652 0.03943 -3.969 7.21e-05 ***
WeekdayWednesday -0.13523 0.04005 -3.377 0.000734 ***
eduLow 3.81401 0.06123 62.294 < 2e-16 ***
eduMedium 0.63064 0.02765 22.806 < 2e-16 ***
AgegroupAge 25 to 34 14.36363 187.07724 0.077 0.938799
AgegroupAge 35 to 44 13.48708 187.07661 0.072 0.942527
AgegroupAge 45 to 54 12.89248 187.07653 0.069 0.945057
AgegroupAge 55 to 64 12.17525 187.07652 0.065 0.948109
AgegroupAge 65 to 74 11.83644 187.07652 0.063 0.949551
AgegroupAge 75 to 84 12.35988 187.07652 0.066 0.947323
AgegroupAge 85 and older 10.55659 187.07661 0.056 0.955000
---
Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Number of iterations in BFGS optimization: 93
Log-likelihood: -1.894e+05 on 46 Df

B.2.4 The Negative Binomial Zero-Inflated Model

Call:
zeroinfl(formula = LUTS ~ (Col1 + Col2) + Laen + Weekday + edu + Agegroup + offset(log(Befolk_Laen)),

data = Tot1, dist = "negbin")

Pearson residuals:
Min 1Q Median 3Q Max

-1.790871 -0.194256 -0.059357 -0.008167 207.203764

Count model coefficients (negbin with log link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) -17.018724 0.209443 -81.257 < 2e-16 ***
Col1 -32.724235 0.949713 -34.457 < 2e-16 ***
Col2 -4.338830 0.970954 -4.469 7.87e-06 ***
LaenGävle -0.125146 0.010153 -12.326 < 2e-16 ***
LaenUppsala -0.047256 0.010210 -4.628 3.69e-06 ***
LaenVärmland 0.028899 0.009968 2.899 0.00374 **
LaenÖrebro -0.361772 0.011902 -30.395 < 2e-16 ***
WeekdayMonday 0.423135 0.010347 40.893 < 2e-16 ***
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WeekdaySaturday -3.899273 0.085675 -45.512 < 2e-16 ***
WeekdaySunday -4.186053 0.098918 -42.319 < 2e-16 ***
WeekdayThursday 0.267571 0.010668 25.082 < 2e-16 ***
WeekdayTuesday 0.409198 0.010345 39.555 < 2e-16 ***
WeekdayWednesday 0.318805 0.010528 30.281 < 2e-16 ***
eduLow -2.318134 0.045280 -51.196 < 2e-16 ***
eduMedium -0.382887 0.006926 -55.283 < 2e-16 ***
AgegroupAge 25 to 34 3.035263 0.352076 8.621 < 2e-16 ***
AgegroupAge 35 to 44 4.341956 0.225597 19.247 < 2e-16 ***
AgegroupAge 45 to 54 6.097757 0.210519 28.965 < 2e-16 ***
AgegroupAge 55 to 64 7.650854 0.209302 36.554 < 2e-16 ***
AgegroupAge 65 to 74 8.477626 0.209234 40.518 < 2e-16 ***
AgegroupAge 75 to 84 8.684789 0.209276 41.499 < 2e-16 ***
AgegroupAge 85 and older 8.132857 0.209437 38.832 < 2e-16 ***
Log(theta) 2.338601 0.039867 58.660 < 2e-16 ***

Zero-inflation model coefficients (binomial with logit link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) -16.38276 5.50968 -2.973 0.00294 **
Col1 -6.16393 4.47389 -1.378 0.16828
Col2 -20.36729 4.25670 -4.785 1.71e-06 ***
LaenGävle -1.71319 0.04578 -37.419 < 2e-16 ***
LaenUppsala -1.60404 0.04338 -36.976 < 2e-16 ***
LaenVärmland -2.02577 0.05498 -36.848 < 2e-16 ***
LaenÖrebro -0.59622 0.04129 -14.441 < 2e-16 ***
WeekdayMonday 0.04023 0.04648 0.865 0.38679
WeekdaySaturday 0.64868 0.36024 1.801 0.07175 .
WeekdaySunday 0.85593 0.36916 2.319 0.02042 *
WeekdayThursday -0.01286 0.04832 -0.266 0.79010
WeekdayTuesday -0.06819 0.04713 -1.447 0.14796
WeekdayWednesday -0.06159 0.04791 -1.286 0.19858
eduLow 4.12396 0.06735 61.230 < 2e-16 ***
eduMedium 0.73810 0.03731 19.783 < 2e-16 ***
AgegroupAge 25 to 34 8.18143 5.53132 1.479 0.13911
AgegroupAge 35 to 44 7.26104 5.51275 1.317 0.18779
AgegroupAge 45 to 54 6.65365 5.50988 1.208 0.22721
AgegroupAge 55 to 64 5.92321 5.50959 1.075 0.28234
AgegroupAge 65 to 74 5.57041 5.50956 1.011 0.31199
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AgegroupAge 75 to 84 5.92114 5.50959 1.075 0.28251
AgegroupAge 85 and older 3.83057 5.51643 0.694 0.48744
---
Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Theta = 10.3667
Number of iterations in BFGS optimization: 115
Log-likelihood: -1.886e+05 on 45 Df

B.2.5 The Hurdle Model

Call:
hurdle(formula = LUTS ~ (Col1 + Col2) + Laen + Weekday +

edu + Agegroup + I(tgl(Date_Anna)) + offset(log(Befolk_Laen)),
data = Tot1, dist = "poisson", link = "logit")

Pearson residuals:
Min 1Q Median 3Q Max

-2.106705 -0.199106 -0.057833 -0.007664 411.695596

Count model coefficients (truncated poisson with log link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) -23.751956 272.111209 -0.087 0.930
Col1 -32.484721 0.901524 -36.033 < 2e-16 ***
Col2 -6.215441 0.954373 -6.513 7.39e-11 ***
LaenGävle -0.160698 0.009384 -17.124 < 2e-16 ***
LaenUppsala -0.096970 0.009332 -10.392 < 2e-16 ***
LaenVärmland 0.010351 0.008986 1.152 0.249
LaenÖrebro -0.306507 0.010812 -28.349 < 2e-16 ***
WeekdayMonday 0.382868 0.009994 38.311 < 2e-16 ***
WeekdaySaturday -4.504025 0.499008 -9.026 < 2e-16 ***
WeekdaySunday -3.810080 0.406626 -9.370 < 2e-16 ***
WeekdayThursday 0.234651 0.010403 22.557 < 2e-16 ***
WeekdayTuesday 0.366285 0.010001 36.626 < 2e-16 ***
WeekdayWednesday 0.279650 0.010242 27.304 < 2e-16 ***
eduLow -2.846210 0.078474 -36.270 < 2e-16 ***
eduMedium -0.418378 0.006121 -68.349 < 2e-16 ***
AgegroupAge 25 to 34 9.460507 272.113042 0.035 0.972
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AgegroupAge 35 to 44 10.862980 272.111285 0.040 0.968
AgegroupAge 45 to 54 12.876874 272.111210 0.047 0.962
AgegroupAge 55 to 64 14.482164 272.111209 0.053 0.958
AgegroupAge 65 to 74 15.295764 272.111209 0.056 0.955
AgegroupAge 75 to 84 15.512277 272.111209 0.057 0.955
AgegroupAge 85 and older 15.153401 272.111209 0.056 0.956
I(tgl(Date_Anna)) 0.003099 0.000257 12.054 < 2e-16 ***

Zero hurdle model coefficients (binomial with logit link):
Estimate Std. Error z value Pr(>|z|)

(Intercept) -1.768e+01 2.096e-01 -84.354 <2e-16 ***
Col1 -3.895e+01 1.735e+00 -22.449 <2e-16 ***
Col2 2.400e+00 1.993e+00 1.204 0.2286
LaenGävle 7.434e-01 1.918e-02 38.762 <2e-16 ***
LaenUppsala 8.061e-01 1.908e-02 42.248 <2e-16 ***
LaenVärmland 9.417e-01 1.921e-02 49.026 <2e-16 ***
LaenÖrebro -5.253e-02 1.930e-02 -2.721 0.0065 **
WeekdayMonday 4.802e-01 1.930e-02 24.881 <2e-16 ***
WeekdaySaturday -4.376e+00 4.997e-02 -87.560 <2e-16 ***
WeekdaySunday -4.726e+00 5.819e-02 -81.204 <2e-16 ***
WeekdayThursday 3.338e-01 1.931e-02 17.284 <2e-16 ***
WeekdayTuesday 5.155e-01 1.930e-02 26.711 <2e-16 ***
WeekdayWednesday 4.167e-01 1.930e-02 21.593 <2e-16 ***
eduLow -4.303e+00 2.480e-02 -173.495 <2e-16 ***
eduMedium -5.745e-01 1.253e-02 -45.837 <2e-16 ***
AgegroupAge 25 to 34 1.994e+00 2.246e-01 8.878 <2e-16 ***
AgegroupAge 35 to 44 3.707e+00 2.115e-01 17.527 <2e-16 ***
AgegroupAge 45 to 54 5.745e+00 2.092e-01 27.455 <2e-16 ***
AgegroupAge 55 to 64 7.678e+00 2.091e-01 36.724 <2e-16 ***
AgegroupAge 65 to 74 8.785e+00 2.092e-01 41.997 <2e-16 ***
AgegroupAge 75 to 84 9.133e+00 2.091e-01 43.671 <2e-16 ***
AgegroupAge 85 and older 8.370e+00 2.091e-01 40.030 <2e-16 ***
I(tgl(Date_Anna)) 1.034e-02 5.721e-04 18.075 <2e-16 ***
---
Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1

Number of iterations in BFGS optimization: 47
Log-likelihood: -1.896e+05 on 46 Df
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