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Abstract

The goal of this paper is to find a better way to estimate survival time
for cancer patients by using their ICD-codes to account for comorbidity.
The method involves calculating a score for each patient depending on the
hazard ratios of their diagnoses. Today there is something called Charl-
son Comorbidity Index (CCI) that is used for this, but there are some
concerns that CCI is not discriminative enough. The results show that
the concordance index is higher using this method and is therefore better
at predicting survival time and could then be used instead of CCI to help
choosing the optimal treatment for cancer patients.

1 Introduction
An important part when trying to find the optimal treatment for a patient
diagnosed with cancer is their expected survival time. For example, the Na-
tional Comprehensive Cancer Networks (NCCN) guidelines recommends cura-
tive treatment for high-risk and locally advanced prostate cancer if expected
survival exceeds 5 years[9].
It is therefore needed to have accurate measures of comorbidity in a popula-
tion. Comorbidity describes the existence of more than one disease or condition
within your body at the same time.
A widely used measure for comorbidity is the Charlson Comorbidity Index (CCI)
which is an index that predicts risk of mortality based on comorbidity factors. A
concern with CCI is that the number of patients with no recorded comorbidity,
CCI=0, is often large and thus CCI may not be sufficiently discriminative.
The goal of this paper is to try to improve the prediction of survival time by
using a patients ICD-codes in a different way to how CCI uses them.

1.1 ICD-Codes
In Sweden we have something called "Patientregistret", this is a register with
patient records of all doctor visits in outpatient and inpatient care. From this
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register we can find a patient’s diagnoses written in ICD-codes. ICD stands for
International Classification of Diseases and is a string of letters and numbers
that describes a disease.
The characters given to a disease are not random, for example for the ICD-10
version, if a person has been diagnosed with N04 they have been diagnosed with
nephrotic syndrome and if it is a nephrotic syndrome with minor glomerular
abnormality it has the code N04.0. So adding characters to a code depicts
greater diagnostic information.[1]

1.2 Charlson Comorbidity Index
The Charlson Comorbidity Index was developed in 1987 as a way to classify co-
morbid conditions which may influence mortality risk. This index was originally
created using 19 categories (dementia, liver disease and leukemia are three of
the categories to give an example), these categories have an associated weight,
based on the adjusted risk of mortality or resource use, and the sum of all the
weights results in a single comorbidity score for a patient.
A score of zero indicates that no comorbidities were found. The score is also
increased by age as this is an important factor for comorbidity. The higher the
score, the more likely the predicted outcome will result in mortality or higher
resource use. Charlson in his original article predicted 10 year survival time
using the formula: 0.983(e

CCI∗0.9)[6]
The index has changed over time and there is not only one version of the index
that is used today. In this paper we will use the index created by [8], who has
adjusted the CCI for Swedish conditions.

1.3 Data
The data set is all males with prostate cancer from the year 2008 in Sweden.
The data set also includes their birth date and the date where they entered
the study (so date of diagnosis), the men were followed until the date of death,
emigration, or 31 December 2017, whichever came first.
It comes from PCBaSe version 4.0 which links the National Prostate Cancer
Register of Sweden to other healthcare registries and demographic databases
such as the Swedish Cancer Register, the Cause of death Register, the Swedish
Prescribed Drug register and the National Patient Register (Patientregistret).

1.4 Prostate Cancer
The most common symptoms for prostate cancer are general problems with uri-
nation like having to urinate more frequently, weak urine stream and blood in
the urine.
This happens because the prostate will get inflamed and start pushing on the
gallbladder and therefore an early stage prostate cancer usually has no symp-
toms as there might be some time before the tumor grows big enough to push
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on the bladder [3].

The first step in trying to diagnose it is usually done by checking a patients
PSA value in the blood.
PSA is a protein that is formed in the prostate gland and normally there ex-
ist small quantities of it in the blood already but a high quantity could mean
prostate cancer. You can also have a higher value of PSA in your blood without
it being prostate cancer so further tests are needed like an MRI scan of the
prostate and a biopsy to diagnose and find out which type and at which stage
the cancer is in[5].

There are then a lot of different types of treatments that can be done.

The first treatment option is waiting with treatment as treating the can-
cer might cause more problems than the disease itself. This is usually preferred
for low-risk prostate cancer that can be treated with surgery or radiation ther-
apy if it shows signs of getting worse.
There is something called local treatment if the cancer has not yet spread to
other parts of the body, which includes surgery or radiation therapy where the
goal is to get rid of the cancer from a specific, limited area of the body.
Lastly there is also something called systemic treatment where you are given
different types of medications like hormonal therapy or chemotherapy through
the bloodstream to destroy cancer cells throughout the body.[4].

Choosing which one of these treatments is the optimal one for a specific in-
dividual is then done by looking at expected survival time but also with the
help of something called the Gleason scoring system where a pathologist looks
at the cancer cells and draws conclusions if the tumor is going to grow fast or
slow and its tendency to spread on a scale between 6 and 10, where 6 means
that the cells looks similar to healthy cells and 10 means they look very different
from healthy cells.[2]
But we will only focus on the survival time aspect in this paper.

2 Theory

2.1 Survival Analysis
Survival analysis is a collection of statistical procedures for data analysis for
which the outcome variable of interest is time until an event occurs. So an
example would be date of diagnosis for cancer until date of death.

It is usually the case that some data points are censored in survival analysis.
This happens when time to the event is not observed for that data point. This
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could be for reasons such as the event did not occur until the study ended or
a subject left the study before the event occurred. These censored data points
can still be useful and should not automatically be discarded from the data set.

Two functions that are almost always considered in survival analysis are the
survivor function S(t), and the hazard function h(t).
The survivor function S(t) gives the probability that a person survives longer
than time t. S(t) is usually plotted with time t on the x-axis and S(t) on the
y-axis. Theoretically it will look similar to this graph

Figure 1: A typical theoretical Survival function

The reason for this is because at time t=0 the probability of surviving is 1
as no person has gotten the event yet and as t -> ∞ the probability of surviving
goes to 0.
When using actual data the function can look more like a step function as we
do not have an infinite number of data points and also the study will have an
end date so time does not go to ∞, so the graph does not have to end at S(t)=0,
therefore an estimated survival function graph could in practice look more like
this
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Figure 2: A real Survival function

The hazard function is given by

h(t) = lim
∆t→0

P (t ≤ T < t+∆t|T ≥ t)

∆t
(1)

A hazard function h(t) gives the instantaneous potential at time t for getting
an event, like death or some disease of interest, given survival up to time t.
So in some sense, the hazard function can be considered as giving the opposite
side of the information given by the survivor function as the hazard function
focuses on an event occurring while the survivor function focuses on an event
not occurring (Probability of not dying, for example).
It should be noted that the hazard function gives a rate and not a probability
like S(t) as it is a ratio of two quantities. The numerator is a probability so it
can take any value between 0 and 1, and ∆t is a time interval so therefore h(t)
can take any values between 0 and infinity.

2.2 Cox proportional hazards (PH) model
Another important part of survival analysis is to assess the relationship of ex-
planatory variables to survival time to try to find out for example which variables
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increase the survival time and if any variables that are used are redundant.
The Cox PH model is usually written in terms of the hazard model formula

h(t,X) = h0(t)e
∑p

i=1 βiXi (2)

or equivalently
h(t|X) = h0(t)e

(β
′
X) (3)

This gives the hazard time at time t for a person with a set of predictor vari-
ables that are being modeled to predict a persons hazard and that it is denoted
by X. An important assumption in a Cox PH model is that the X’s are time-
independent which means they do not change in time.
β is called the log hazard ratio and is unknown and needs to be estimated (see
next two sections).
The formula consists of two quantities.

h0(t) which is called the baseline hazard function. It is called this as the Cox
model reduces to the baseline hazard when no X’s are in the model and we can
thus think of h0(t) as a baseline version of the hazard function before consider-
ing any of the X’s.
h0(t) is an unspecified function and this property makes the Cox model a semi-
parametric model and this is a key reason that the Cox model is popular as
it is not always clear what the correct parametric model should be.

The second quantity is the exponential to the linear sum of βiXi, where the
sum is over the p predictor variables.

2.3 Estimating the parameters in the Cox PH model
The β parameters are estimated using maximum likelihood estimation. Typi-
cally likelihood functions are based on the distribution of the outcome but since
we have noted that we do not have to assume a distribution for the outcome
variable, a Cox likelihood is instead based on the observed order of events, this
is called a partial likelihood.
So if the partial likelihood is based on the observed order of events we can say
that it is the conditional probabilities of the observed individual, being chosen
from the risk set to have a failure at time t(in our case death), where the risk
set is defined as R(t) = {i : Fi ≥ t} which denotes the set of individuals who
are "at risk" for failure at time t. So at each failure time Fj , the contribution
to the likelihood is

Lj(β) = P(individual j fails|one failure from R(Fj)) (4)

which we can write as

P(individual j fails| at risk at Fj)∑
n∈R(Fj)

P(individual n fails| at risk at Fj)
(5)
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using Bayes theorem and we can then rewrite this once more using what we
know from the Cox PH model

h(Fj |Xj)∑
n∈R(Fj)

h(Fn|Xn)
(6)

We now use equation 3 and factoring in all K failure times to get the final
expression

K∏
j=1

h0(Fj)e
β
′Xj∑

n∈R(Fj)
h0(Fj)eβ

′Xn
(7)

This function is then maximized by a computer using iteration to get the esti-
mated parameters.
We see here that h0 cancels out and we can thus estimate the parameters β
without having to estimate the baseline hazard function and as we will see in
the next section, the β estimates are all we need to asses the affect of our
explanatory variables.

2.4 Hazard ratio
A hazard ratio (HR) is defined as the hazard for one person divided by the
hazard for a different person. The two people being compared are then dis-
tinguished by their values for the set of predictors which we denoted before as
X.

ĤR =
ĥ(t,X∗)

ĥ(t,X)
(8)

It is usually coded so the larger hazard corresponds to the X∗, so a hazard ratio
>1 would indicate that the treatment group has a shorter survival time than
the placebo group for example.

2.5 Concordance index
The concordance index or in short C-index is a goodness of fit measure for mod-
els which produces a risk score.
So our function will give a risk score Ri for the patient i and the C-index is then
computed by checking every pair of patients i and j (i ̸=j) and looking at their
risk score and survival time to see if higher risk score matches up with lower
survival time. A correct pair is called a concordant pair and a non correct pair
is called discordant pair.
Since we have censored data the pairs where both patient i and j are censored
are removed from the calculation since we do not know who died first in this
scenario. If only one of the two patients is censored we get two different scenar-
ios.
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Let’s say patient i died at time Ti and patient j got censored at time Tj .
Scenario A: Tj<Ti, here we do not know who died first so therefore this is not
included in the calculation.
Scenario B: Tj>Ti, here we know for sure that patient i died first so depending
on the the risk scores we get a concordant or discordant pair.

The C-index is then calculated by C= #concordant pairs
#concordant pairs + # discordant pairs

A c-value of 0.5 means the model does not work as we are just coin-flipping
concordant or discordant pairs, so the goal is to get as close to 1 as possible.

3 Method
The first thing we do is merge our cohort study with the inpatient and outpa-
tient care data from patientregistret. From here we can then calculate the CCI
for our cohort study groups using the R script given by [8]. We can then make
basic survival plots for different age groups to see some initial patterns between
age and expected survival time.
The next step is to create a function, this function should be able to take five
parameters so we can calculate the number of "correct" survival times depend-
ing on different criteria.

The first parameter we want to use is choosing how many characters we want
to use from the ICD-codes. There are two arguments for this.
First of all it might give better results to use fewer characters as the model
will get simpler and since we are not using an enormous data set this might be
preferred as a lot of individual codes will be had by only a few individuals and
therefore might not be accurately represented.
There could also be an argument to use fewer characters if the results do not
change much when we change the number of characters as the computational
power needed for calculation is way less which could be preferred for a large
data set.
It should be noted that with an infinite number of data points using all char-
acters will be the best model as all the codes will then have the correct repre-
sentation of their hazard ratio, but since we do not have an infinite number of
data points when modelling real world problems it might not be optimal to use
all characters and it should therefore be tested.

The second parameter is which register we want to use. So if we want to use
inpatient care, outpatient care or both of them combined.

The third one is the time period we look back for diagnosis. So do we only
want to look at people who got a diagnosis in the last 2 years for example.

The fourth one is if we want to calculate the hazard ratio for a ICD-code in
relation to everyone in the study or only in relation to other people who has
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had at least one diagnose themself. It should be noted that we mean one diag-
nosis that is not prostate cancer as we are talking about comorbidity.

The fifth one is what percentage of deaths a ICD-code needs to have, for
us to calculate its hazard ratio. The usual values that are used are around
0.25%,0.5%,1%. Using ICD-codes with very low death percentages may skew
the results as we may not have sufficient data for these codes, maybe only one
person has had this diagnosis so it would then be hard to say anything useful
about its hazard ratio and even if there was a code with many people having it
and it still has a low death ratio it will not contribute much to the calculated
risk score anyway.

The first step for the function is then to calculate the log hazard ratio and
number of deaths for each ICD-code for the given register and time period.
When we have the hazard ratio for each ICD-code we can then give each person
that had at least one diagnosis in the register and time period chosen a personal
risk score. This score is given by adding all of their diagnoses (ICD-codes) log
hazard ratio values together. Higher score means lower survival time (that is at
least the theory we are trying to prove), this is because higher log hazard ratio
value equals lower survival time as explained in the theory section.
Now we can use C-index to see if people with higher risk score also have lower
survival time versus someone with lower risk score and vice versa.
Lastly we calculate the C-index for the CCI. This is done by using the CCI
values calculated as the risk score instead of the summed log hazard ratios, we
can then compare these values to see which one is more accurate in predicting
survability.

4 Results

4.1 CCI results and plots
Let us first present some results using the CCI-index.
Using the macro given we get an average CCI of 0.55 for outpatient care and an
average of 0.85 for inpatient care and 0.805 when we combine the two data sets.
This makes sense as if you have to stay the night at the hospital the diagnosis
is probably more severe so the CCI should be higher for inpatient care patients
on average.
We can also check the average CCI for a few different age groups, here we will
use the combined inpatient and outpatient care data.
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Figure 3: Average CCI for different age groups

As expected the CCI value increases with age. It seems to increase linearly
for the first three age groups and then the CCI average increases drastically in
the age group 70-80 years.
We also see that its barely a difference between the last two age groups. I think
this might be because people who get a high CCI this late in life might rapidly
pass away and thus lowering the chance of these people being in the study to
begin with.
We can also plot some survival curves for different age groups.

Figure 4,5,6 all clearly show that CCI works for estimating survival time for
this data, in all these plots we have cut the groups into 4 lines, red is the people
with CCI score between (-1,0], blue between (0,1], green between (1,2] and pur-
ple is (2,∞) and we see in all three graphs that higher CCI values means lower
S(t) (survival time) in the y-axis. It should be noted that the CCI value can
not be lower than 0 so red line is just the people with exactly 0 as their CCI
score. The curves are also going faster to 0 in the y-axis in the older age groups
as expected.

10



Figure 4: Survival plot for age group 60-70

Figure 5: survival plot for age group 70-80

11



Figure 6: Survival plot for age group 80-90

Figure 7 shows what the previous figures showed as well but the lines are
quite choppy and figure 8 is even worse. This is because in these younger age
groups the CCI is mostly 0 or close to it for most people and thus the graphs
can get a bit weird, there are also a lot fewer people in these age groups as we
are looking at individuals who have been diagnosed with prostate cancer which
is rare at younger ages. This is one reason why we are looking at alternatives
to CCI such as using ICD-codes, as we explained in the introduction CCI=0 is
often large and may not be sufficiently discriminative.
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Figure 7: Survival plot for age group 50-60

Figure 8: Survival plot for age group <50

The last figure 9 also seems to follow the pattern that higher CCI lowers
your survival time but it also has some choppy lines as there are not that many
people in the study who are 90+. The lines also seem to blend together after a
few years which could be attributed to low numbers of participants in the group
or just that after 6+ years in the 90+ group people start to die of regardless if
their CCI is high or not.
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Figure 9: Survival plot for age group 90+

4.2 Plots for our method
We show three different plots where four of the parameters are the same and we
just change the data set used between inpatient, outpatient and the combined
set.

Figure 10: Survival plot for inpatient care
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Figure 11: Survival plot for outpatient care

Figure 12: Survival plot for combined care

We see that the model seems to work for all three data sets for these param-
eters as when we cut the risk score (summed log hazard ratios) into five different
lines they all behave like expected, higher risk score means a lower value in the
y axis (survival time), just as we saw with the plots using CCI.
One thing that we can notice is that there seems to be a further distance be-
tween the lines for inpatient care than for outpatient care so that might indicate
that the model works better for inpatient care as there is more of a difference
between the different risk scores.
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It should be noted here that the log hazard ratio will be negative for some
ICD-codes (the red line), this means that the people who have these codes sur-
vive longer on average than the people without it in this cohort. This does not
mean that getting this code is good for you or that it will make you live longer,
it just means that this code is less dangerous in relation to the other codes.
There could also be other reasons for negative log hazard ratios such as not
enough data points for that particular code so by chance the people having it
survive longer than the rest of a cohort or that an illness is way more common to
get as a younger person and therefore on average people who have this disease
will survive longer than other people in a cohort.

Testing different values of the parameters does not change the graphs much,
the biggest difference is just that the lines get more choppy when we use pa-
rameters that give us fewer data points, so it is not worth showing more graphs
and we can instead start calculating the C-index for different parameters where
it might be easier to see the differences between them.

4.3 Inpatient and outpatient care
We start by looking at the combined inpatient and outpatient care data set.
Looking at the figures 13, 14, 15, 16 we can see two interesting things.
The first one is that going further back in time increases the C-index. This
seems reasonable as the further back we look for diagnoses the more data points
we will get and thus if our hypothesis is true (higher risk score leads to shorter
survival time) then the C-index should increase with more data points as the
variance should decrease.
It also seems to be the case that on average, using fewer characters in the
ICD-codes is preferred, at least if we are looking further back in time, but the
differences between 2, 3, 4 and 5 characters are between a percent for each year
so it does not make that much difference but since shorter codes will decrease
computational power as explained in the method section, two characters seems
to be the most optimal number of characters to use for this particular data set.

We can also check to see if we should be calculating the hazard ratio for the
ICD-codes in relation to everyone in the study or only to people who have had
at least one diagnose themself (fourth parameter in our function equals to 1=all
people). We see from 17 that the C-index decreases when including the people
who have no diagnoses and therefore should not be used for this data set if we
are just looking for the best model.
Lastly we can check to see if increasing the death percentage needed for a code
to be included increases or decreases the C-index.
We see from 18 that increasing the death percentage seems to lower the qual-
ity of the method as the C-index decreases drastically. The reasoning for this
might simply be that we are losing too many data points when we increase the
percentage.

16



4.4 Outpatient care
We can now look at outpatient care specifically.
Again we see that it seems that going further back in time increases the pre-
dictability of the model by figure 19. However the characters in the ICD-codes
are a bit harder to explain as a few different numbers of characters is the best
depending on how many years we go back in time. From doing a lot of different
parameter values it seems like three characters is on average the best and the
second best is five, but as with the combined care data, the changes in C-index
are around a percentage at most so hard to say anything concrete and it still
might be preferred to use 2 characters for computational arguments and simpler
model.
We see the same thing here as for the combined data set that there seems to
be no point in increasing the death percentages for codes as this decreases the
C-index by quite a large margin and calculating hazard ratio on everyone does
not change the C-index much, see 20,21

4.5 Inpatient care
This data is also a bit harder to explain, we can see in figure 22 that for inpatient
care it actually has the best C-index on average when using all 5 characters of
the ICD-codes but again, we are talking about very small changes in the per-
centages between them.

One interesting thing we see is that the model is best for two years and second
best for one year, this seems to contradict what we saw in the merged and out-
patient data and also from what we assumed should happen (going further back
in time increases the C-index). But I have a theory on why this might happen
for specifically inpatient care.
A flaw with this model is that I am not taking into account time since diagnosis.
For example, if we look back 4 years and see that one person got diagnosed with
leukemia 4 years ago and another person got diagnosed with the exact same
cancer yesterday and we are trying to predict future survival for these people,
the person who got leukemia 4 years ago probably has a higher hazard ratio
for his cancer even though they are the same code. And since we have argued
previously that illness in the inpatient care data should be more severe on av-
erage, this could mean that looking back further in time actually decreases the
predictability of the model when looking at inpatient care and therefore around
two years is the sweet spot before the model starts to get worse. I will talk more
about this flaw in the model in the discussion section.

Similarly as for the merged and outpatient care, the model gets worse when
calculating hazard ratio with everyone included and it also gets worse with
higher death percentage for the code to be included 23,24.
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4.6 Conclusions about the results
I calculated the mean C-index for each of the three data sets for all the different
parameters I tested on them (I did not include every combination I tried in the
picture section). The combined data set had a mean value of 0.6541, inpatient
care had 0.6510 and outpatient care had 0.6204. The highest value I got was
0.6710 using two characters in the combined data set going back ten years time
with a death percentage of 0.005 to be included and only calculating hazard
ratio in respect to other people with at least one disease.

We see that the model works way better for inpatient care, as talked about
earlier in the text, I think the reason this happens is that there are more severe
diagnoses in this data set and therefore better prediction of survival time using
our method. If for example every illness in a data set would be very easily treat-
able or no chance of causing death then who would survive the longest would
depend on other factors not related to their illnesses and we would get a c-index
very close to 0.5 using our method.

Its also reasonable that the model gets only slightly better for the combined
data set as we get more data points which is good but since our model is quite
weak for outpatient care the added people do not increase the C-index by a lot.

4.7 Comparing our results to CCI
Now that we have seen that our idea seems to work and we have gotten some
information from the function on which parameters are the most optimal ones,
we now want to see if this works better than using CCI. We therefore calculate
the C-index again but this time we use the calculated CCI values as the risk
score instead of our summed up hazard ratios for each individual and see what
the C-index is for this method.

Figure 25 shows the CCI for the different data sets for the different years that
we have used as a parameter for our model.
We see two promising things here, the first one is that our method gives higher
C-index for all years and data sets so we can say this method works better for
these particular data sets. We also see something that we have seen before, the
C-index increases with time for combined care and for outpatient care but not
for inpatient care which is what we saw using our method as well which could
be a good sign as CCI is a true and tested model that is known to work and
be effective for other things than just prostate cancer patients and the hope is
that this model will do that as well.

5 Discussion
I will start the discussion section by saying that I had help from a company
called Regionalt Cancer Centrum Mellansverige (RCCM) here in Uppsala, so
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the idea of using this method is not mine, they have helped me throughout this
project on what my next steps should be.
I also followed and got help from an article they published in 2021[7] where they
used similar methods but instead of using ICD-codes they used something called
ATC-codes which are codes for medicine, so instead of using people’s diagnoses
they use the drugs the patients were using for these diagnoses to try to predict
survival time.

There are of course a lot of things that need to be done and tested before
this method is actually a potential substitute to the CCI method.
For example all that we have really shown here is that this works for this par-
ticular data set with prostate cancer from the year 2008, we can not assume it
will work for more than that. Therefore the next step would be to first of all
use all years where the data is available and also try using it on for example
breast cancer for woman to see if the results translate.
There are also a lot of things with the model that can be improved to increase
its predictive power of survival.

One problem that is quite easy to find in this model is that I am not tak-
ing into account the age of the people in the study. Age is of course a very
important factor in determining survival time. So some kind of increase of the
risk score for higher ages should be added but the problem is knowing what that
value should be to measure it correctly.

The second thing that I did not take into account as it felt quite hard to imple-
ment correctly is people who have been to the hospital multiple times for the
same disease. In my function I only included these people once. This might be
one of those problems that is not for a mathematician to solve and should be
answered by people in medicine or similar as just giving them the log hazard
ratio for each visit feels like too much. As for example a disease with log hazard
ratio of 0.1 (hazard ratio of 1.11 so 11% more likely to die for the people with
the disease versus the people in the study without it) and a person goes to the
hospital for this disease 7 times, this person would then have a summed hazard
ratio of 2.0, 100% more likely to die versus rest of study which does not feel like
a fair score. And similarly not including it at all is not right either as it should
of course matter somewhat.

The last thing is something that I touched upon in the results section. I am
not taking into account when the diagnose was given, a person who has had
the disease for longer might have a larger hazard ratio for that disease versus
someone who just got it, so maybe some kind of increase of the value with years
having the diagnosis might improve the method by a lot. But again, it is quite
hard to find the correct numbers for this.
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6 Pictures
Remember here that the function parameter are the following:
parameter 1: Number of characters in the ICD-code
parameter 2: Which data set we use(CohortBoth is the combined inpatient and
outpatient).
parameter 3:How many days in the past we look for patients with a diagnose.
parameter 4: Calculating our hazard ratio in relation to everyone in the study
or only in relation to other people with a disease. parameter=1 means everyone
in the study.
parameter 5: What percentage of deaths a ICD-code should have, to be included.

Figure 13: Increasing time backwards, 2 characters
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Figure 14: Increasing time backwards, 3 characters

Figure 15: Increasing time backwards, 4 characters

21



Figure 16: Increasing time backwards, 5 characters

Figure 17: Calculating HR in relation to everyone (fourth parameter=1), inpa-
tient and outpatient care
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Figure 18: Changing % of deaths needed for code to be included (5th parameter),
inpatient and outpatient care

Figure 19: Outpatient care for different days and lengths of ICD
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Figure 20: Changing % of deaths needed for code to be included (5th parameter),
outpatient care

Figure 21: Calculating HR in relation to everyone (fourth parameter=1), out-
patient care

Figure 22: Inpatient care for different days and lengths of ICD
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Figure 23: Calculating HR in relation to everyone (fourth parameter=1), inpa-
tient care

Figure 24: Changing % of deaths needed for code to be included (5th parameter),
inpatient care

Figure 25: CCI C-index
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