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Abstract

A comparative examination of breast cancer survival between two data sets from the
Kurdistan area of Iraq and a corresponding data set from Germany is the aim of this
paper. Using breast cancer data from the Kurdistan area of Iraq, both censored and
unfiltered, we developed a methodology in a previous publication (2016) for predicting
survival probabilities and hazard functions in a health context when a significant frac-
tion of participants are lost to the research. This study follows earlier research (2023)
where we had to use unique estimation methods to address the two Iraqi datasets’
filtering problems. In particular, the data from Nanakaly hospital in the city of Erbil
and Hewa hospitals in the city of Sulamani involved problems with hidden censoring
affecting the survival time, leading to significant biases in survival curves generated
using standard methods, and we had developed new Markov chain-based methods
for generating survival curves providing adjusted Kaplan Meier analyses. Due to the
availability of a reliable survival function, we chose to work with a German data set
from the W. Sauerbrei Institute for Medical Biometry and Informatics, University of
Freiburg—Germany. Our data analysis leads us to the conclusion that younger Ger-
man women had a higher breast cancer survival rate than patients from the Kurdistan
Region of Iraq.
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1 Introduction

One of the most prevalent malignancies in women globally, breast cancer ranks first
in terms of causes of mortality for women, ahead of lung cancer [1]. Approximately
2.09 million women receive a breast cancer diagnosis each year, and 627000 of them
die as a result of the illness [2] and [3]). Breast cancer is the most prevalent cancer in
Iraq and the leading cause of death for Iraqi women.

Patients’ survival (or time to event) data is frequently gathered and evaluated in
clinical trials. Both the overall number of incidents and the rate at which an event
of interest occurs can be compared between two or more groups using such data.
The normal distribution relevant for many other forms of data does not apply to
survival data; data are non-negative and can be skewed. This could be due to events
that happen quickly after an action (like a patient dying after surgery) or events that
happen primarily over a lengthy period of time (like life expectancy in the UK). More
significantly, they are frequently censored (have missing or partial data), which can
happen for a number of reasons. A branch of statistics called survival analysis is
used to model this kind of data. It is frequently used in medical research to evaluate
various treatments within a clinical trial or to analyse the time to disease remission,
progression, or death for patient cohorts [4].

Modelling and evaluating time-to-event data often referred to as "failures" is the
main focus of survival analysis. Examples include the duration of a tumour’s first
recurrence (also known as the length of remission) following initial treatment and
the period before an electrical component breaks [5]. A "failure" time might not be
recorded because of intentional planning or arbitrary censorship. This would happen
in this study if a patient has moved away or is still alive at the conclusion of a clinical
trial period [6], [7]. The need for techniques of analysis that allow for filtering is the
main driver behind the development of specialised models and procedures for failure
time data. Then, survival analysis can be viewed as a set of statistical techniques that
take into account data that has been suppressed by time to occurrence. The impact of
covariates on survival duration is investigated.

Although censoring and time-dependent covariates are frequently used in survival
analysis, they are not exclusive to it. These characteristics can also be handled by other
methods, such as some regression models and longitudinal data analysis. But because
survival analysis is created especially for analysing time-to-event data, it works espe-
cially well with censoring and time-dependent covariates, which are common in this
type of data [8].

The most well-known function in survival analysis is the survival function, which
expresses the likelihood that a person will live up to time t. The hazard function, or
the risk of mortality (per unit time), is associated with this [9], [10]. According to
accepted nomenclature (see [11], if our individual has lifetime T, the survival function
is

S(ty=1—F(@) = P{T > 1} 1
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The hazard rate or hazard function is

i)
MO =15 )

This can be derived as follows:
h(tHydt = P{t <T <t +dt|T >t} 3)

= P {death in the interval (¢, 4 dt) given survival past time 7}.
Integrating £ (t)
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which leads to the important expression
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Sit) =e 0 4)

o0
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0

Although continuity will be presumed, ideas and formulae can be changed to incor-
porate density function jumps when necessary [12]. There are other methods for
directly estimating these basic attributes from data, but the Kaplan-Meier estima-
tor, which uses the discrete hazard function to predict the hazard function, is arguably
the most straightforward and reliable [13, 14].

It is common practice to compare cancer survival across various groups. For
instance, among calendar times, socioeconomic classes, or geographical areas. Numer-
ous research, such as the International Cancer Benchmarking Partnership [15],
EUROCARE, and CONCORD studies, compare cancer survival across nations.

Since mortality from other causes varies across the groups under comparison, com-
paring cancer survival is made more difficult. This will affect the likelihood that
the malignancy will really cause death. Therefore, estimating net survival—which is
defined as survival in the hypothetical world where death from other causes is impossi-
ble—is typically the goal of comparisons of cancer survival among populations. This
makes it possible to compare cancer survival in a "fair" way. Since patients in the
actual world run the chance of dying from other causes, we never see net survival. As
a result, assumptions must be made in order to estimate net survival.

When comparing cancer survival, age is a significant factor. As people age, their
net survival for most malignancies declines. Therefore, it is crucial to "adjust" for
variations in the age distribution when comparing survival across groups. When a
single summary measure is required, traditional age standardization is used, where
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an estimate of relative survival is obtained separately in age groups and a weighted
average calculated with the weights reflecting an international standard population
[16].

Age-related disparities in survival are common. For instance, global comparisons
for lung, prostate, colorectal and breast cancer revealed greater disparities in relative
survival as age increased [17]. These significant variations may be overlooked if only
an overall average is provided. Age-standardized relative survival, on the other hand,
will remain a useful summary metric. Relative survival, or the ratio of all-cause survival
to projected survival, has historically been used to assess net survival. When the focus
is on the overall average of net survival, Pohar Perme et al. [18] demonstrated that the
widely used Ederer II method and other approaches may be biased and proposed an
alternative (the Pohar Perme method).

Statistical modelling is another method for estimating net survival [19]. A number
of assumptions can be included in statistical models, such as proportional excess
hazards, only specific interactions, or the idea that the true net survival can never
rise [20]. Using breast cancer data from the Kurdistan area of Iraq, both censored
and unfiltered, in Raza and Broom [11] we developed a methodology for predicting
survival probabilities and hazard functions in a health context where a significant
number of participants are lost to the research. We considered how to analyse cases
where “hidden censoring” occurs, where individuals have effectively left the study but
the hospital is unaware of this. We developed a new Markov chain-based methodology
for generating survival curves and hazard functions and demonstrated this using a
breast cancer dataset from the Kurdistan region of Iraq. In Raza and Broom [12], we
expanded on these models to examine additional concerns regarding the accuracy of
patient death records. For example, deaths frequently take place in family settings
outside of hospitals, and patients ceasing treatment and contact with the hospital may
or may not indicate their death, therefore, the record of their time of death may not be
accurate. We also showed how to generate survival curves and hazard functions using
a separate breast cancer dataset from the Kurdistan region of Iraq using a new Markov
chain-based methodology.

A comparative examination of breast cancer survival between two data sets from
the Kurdistan area of Iraq and a corresponding data set from Germany is the aim of
this paper. In particular, the data from Nanakaly hospital in the city of Erbil and Hewa
hospitals in the city of Sulamani involved problems with hidden censoring affecting the
survival time, leading to significant biases in survival curves generated using standard
methods, and we had developed new Markov chain-based methods for generating
survival curves providing adjusted Kaplan Meier analyses. Due to the availability
of a reliable survival function, we chose to work with a German data set from the
Institute for Medical Biometry and Statistics, University of Freiburg—Germany. Our
data analysis leads us to the conclusion that younger German women had a higher
breast cancer survival rate than patients from the Kurdistan Region of Iraq.

@ Springer
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Fig. 1 Cumulative survival function curve for the Nanakaly unadjusted data

2 Survival Analysis

The goal of survival analysis is to examine the time interval between enrolling in
a study and a subsequent event. Although survival analysis is helpful in a variety
of scenarios beyond mortality, its name derives from its initial focus on the interval
between treatment and death.

2.1 Survival Analysis for the Nanakaly Data

The condition of breast cancer at Nanakaly Hospital in the Kurdistan Region is exam-
ined in this part. This section’s study revisits the work published by Raza and Broom
[11]. Using the Nanakaly data, unadjusted for concealed censoring, as displayed in
Fig. 1, we first calculate the survival curve for patients with breast cancer (for a descrip-
tion of the problems and the process for generating appropriately adjusted data, see
Sect. 2.4). Here the Kaplan-Meier curve for the original data (713 patients) has been
used. We see that the survival curve becomes very flat after a while, indicating that
many patients have left the study and only a few actually remain from which mortality
data can be acquired.

2.2 Analysis for the Hewa Data

In this section we consider breast cancer data from Hewa hospital in the Kurdis-
tan Region, revisiting work published in [12]. As with the previous section for the
Nanakaly data, we consider the unadjusted data in Fig. 2 (again see Sect. 2.4 for a
discussion of the issues and the methodology for producing suitably adjusted data
for this Hewa dataset). Here we show the Kaplan—Meier curve for the original data,
involving 1163 patients.

Figure 2 again shows that the probability of death appears very small after 700
days as the curve flatters out around this time. As in the Nanakaly data, this is likely
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Fig. 2 Cumulative survival function curve for Hewa unadjusted data
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Fig. 3 Survival curve including censoring for the Kurdish data from the Hewa unadjusted data for 700 days

because only a small number of patients remain in the study after this time. Since we
see a small number of patients remaining for several thousand days, the data after this
period was removed as shown in Fig. 3.

2.3 Survival Analysis for the German Data

The data on breast cancer from a German hospital is examined in this section. Patient
records from a German Breast Cancer Study Group (GBSG) at the University of
Freiburg’s W. Sauerbrei Institute for Medical Biometry and Informatics are among
the data collected. 720 patients with node-positive breast cancer participated in the
1984-1989 study. Complete predictive variable data were available for 686 of those
individuals (Royston and Altman, 21). First, the cumulative survival function for both
the entire data set and two different age groups is calculated using the Cox regression
equation. The cumulative survival function for the German data is displayed in Fig. 4.
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Fig. 4 Cumulative survival function curve for German data

2.4 Adjusted Data for Nanakaly and Hewa Hospitals

Censoring occurs when an individual is not followed up until occurrence of the event
of interest. There is loss of information due to this incomplete observation because
their different experience would lead to bias in the study. It is caused by failure to
follow-up, withdrawal from the study, study termination when subjects had different
dates of enrolment, or death due to a competing risk. Censored patients contribute to
the analysis until the time of censoring (see [22]). Allowing for censoring may not be
straightforward, for example, if individuals do not get censored at a constant rate, the
censoring time will follow a distribution other than an exponential distribution, which
arises from a natural Markov model for censoring as we describe below. Potentially
more significant problems result from the lack of knowledge of the times of death. In
our models deaths are assumed to follow a Markov process from the time of diagnosis
and there are two main sources of error. Firstly, the rate (denoted in our second model
below by z) of this process is unknown and had to be estimated and we have thus
considered a range of values. Secondly, this may not be a Markov process, which
would also affect the shape of the survival curve.

We addressed this problem through estimating these numbers by constructing two
new models, as described above, each using Markov chains and estimating the number
at risk and deaths. For a detailed rationale of the modelling approach and explanations
of parameter choices, see [11]. Figure 5 represents the original structure of the Markov
survival model with no censoring [11].

Fig. 5 The Markov model
without censoring for Nanakaly
data i

Individual
8]

\ P
Lost Recorded Death
(L) (RD)
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Fig. 6 The Markov model with censoring for the Nanakaly data

Consider a population of individuals in three categories; either at risk (I), died (RD)
or who have left the study (without our knowledge), which we shall call “lost” (L).
Individuals simply move from state (I) to the other two states at constant rates (1) to
(L) and (p) to (RD). We thus have a population as described by Fig. 5.

More generally we need to allow for observed censoring as well as hidden censoring
within our model. Thus, we now add an extra “censored” category (C) to our model,
where individuals move from (I) to (C) at rate (q). Importantly, individuals also move
from the lost category (L) to (C) at the same rate (q). This is appropriate for our dataset,
since the only overt censoring is due to the end of the study, and thus any individual
will reach this at the same time, whether in category (I) or (L). We thus then have a
population as described by Fig. 6. For a detailed rationale of the modelling approach
and explanations of parameter choices in this case, see Raza & Broom [12]. We note
that for individuals censored because we know that they have dropped out of the study
prior to the end time, it would seem reasonable to assume that these and the “lost”
individuals would be entirely separate, and so that the transition rate q from state (L)
to state (C) would be absent.

Here for the Hewa data set there were thus two problems with the data, the problem
of “lost” individuals, but also the problem of the absence of definitive times of deaths.
We developed two models that tried to overcome these issues. We generated a new
Markov chain model for two distinct cases for data with and without censoring.

Figure 7 shows the first model for the Hewa data; here we have four stages, three of
them are the same as for the first model of the Nanakaly data, plus on extra stage from
recorded death (where we use the admission time as a proxy for recorded death) to
death (z). Here the same conditions and protocol will be required for the continuous-
time Markov chain as applies in the Nanakaly data Model I, but for the different sample
space; 2 = [I, L, RD, D].

The difference between the time of admission (RD) and the time of death (D)
occurs because when the patient leaves the study, this may not indicate their death,
but simply that they are possibly lost in the study or they have not been followed
up, as is shown in the transition stages in Fig. 6 with censoring. However, the term
(D) represents the patients that are actually dead in the study, as shown in Fig. 5
for the model without censoring and Fig. 6 for the model with censoring. For the
second Markov chain structure model for the Hewa data (Figs. 7 and 8) we need
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Fig. 8 The Markov model with censoring for the Hewa data

to estimate crucial parameter values and for appropriately chosen estimates we get
realistic survival function curves [12].

The adjusted data plots in Sect. 3 use the models from Figs. 6 and 8 to correct for
the problems outlined above.

3 Comparisons Between Data

We now compare the data using both the original unadjusted survival curves, and the
new adjusted survival curves, where the adjustments follow the methodology described
above. In Sect. 3.1 this will be a descriptive analysis, which will then be followed by
statistical analyses in Sect. 3.2.

@ Springer
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3.1 Survival Curve Comparisons

In this section we plot a series of survival curves for the Kurdish unadjusted and
adjusted data, as well as the German data, which needed no adjustment. The outcomes
of our investigation are shown for the adjusted data and summarised in Table 1.

3.1.1 Comparisons Between German and Nanakaly Data for Survival Analysis

Here we perform further data analysis for comparison purposes and apply it to the
German patients and the Kurdish Hospital patients from Nanakaly. There are 713
patients at Nanakaly Hospital and 686 patients in the German data. The cumulative
survival functions for the German and unadjusted Nanakaly data are shown in Fig. 9.
In this case, the green line represents the Nanakaly data and the blue line represents the
German data, indicating that the German patients had a higher chance of surviving than
the Nanakaly patients. Beginning at day zero, it is evident that the German patients have
a higher survival rate than the Nanakaly patients until day 2000. However, from days
2000-2500, the Nanakaly patients’ apparent chances of surviving are very similar.
This is due to hidden censoring, where patients have left the study without this being
recorded, so that their deaths would not be observed. The overall real rate of death is
then much more than that which is observed.

When comparing the blue line from Fig. 9, the cumulative survival function for
the German data and Fig. 10, the adjusted cumulative survival curve for the Nanakaly
data from the first model as shown in [11], it is clear that the cumulative survival
curve for the German data is higher than that for the Nanakaly data, likely largely
due to the superior German health care system. For German data the value of the
cumulative survival function up to 100 days inclusive is equal to 0.999 while for the
adjusted Nanakaly data it is equal to 0.965. Specifically in the German data there
were 15 censored individuals and 1 death during the aforementioned period whereas
for the adjusted Nanakaly data there are 20 censored individuals and 24 deaths. The
cumulative survival function on day 500 is 0.956 and the adjusted Nanakaly counterpart
is 0.679. The number of censoring events and deaths of patients in Germany from day
101 to day 500 inclusive is 21 and 28 patients while in the adjusted Nanakaly data
for the same period there are 104 censored individuals and 152 deaths. For the last
section, the cumulative survival function on day 1000 is 0.841 for the German data and
0.333 for the adjusted Nanakaly data. There were a further 105 censored individuals
and 70 deaths for the German data and 109 censored individuals and 63 deaths in the
adjusted Nanakaly data from day 501 to day 1000.

Figure 11, the German data is represented by the blue line, while the Nanakaly data
is represented by the green line. From zero to 1000 days, the cumulative survival of
the patients in the German data was higher than that of the Nanakaly adjusted data;
the cumulative survival values were 0.84 and 0.33, respectively.

3.1.2 Comparing the German and Hewa Data for Survival Analysis

Now we compare the German and Hewa data. There are 686 and 1163 patients in the
German and Hewa data sets, respectively. Figure 12 shows the cumulative survival
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Table 1 Figure summary for the adjusted data outcomes

Figure explanation

Figures Figure content

Figure 10 Nanakaly data

Figure 11 German and Nanakaly data
Figure 13 Hewa data

Figure 14 German and Hewa data

Figure 16 German, Nanakaly and Hewa data
Figure 18 Nanakaly data: age classes

Figure 19 German data: age classes

Figure 21 Hewa data: age classes

The cumulative survival function value at
100 days is 0.96. At day 500, the value is
0.67. Cumulative survival at day 1000 is 0.33

The green line represents the Nanakaly data
and the blue line represents the German data.
At 100 days the cumulative survival value for
the German data is 0.99, with that for the
Nanakaly data in same period being 0.97.
Survival at 500 days for the German and
Nanakaly data is 0.96 and 0.69, respectively.
Finally at 1000 days the survival values for
the German and Nanakaly data are 0.81 and
0.33, respectively

The cumulative survival function value at
100 days is 0.97. At day 500, the value is
0.86. Cumulative survival at day 700 is 0.70

The blue line represents the German data and
the green line represents the Hewa data. At
500 days the cumulative survival values for
the German and Hewa data are 0.98 and 0.81,
respectively. At 800 days, survival for
German and Hewa data is 0.89 and 0.72,
respectively

The red line represents Hewa patients, the
green line represents Nanakaly patients and
the blue line represents German patients.
Survival for the German patients was higher
than for the two Kurdish groups; cumulative
survival values at time 500 for the German,
Hewa and Nanakaly data are equal to 0.98,
0.81 and 0.71, respectively. Survival at
800 days is 0.89, 0.72 and 0.61 respectively

The cumulative survival values at 300 days for
age classes less than or equal to 48 years and
greater than 48 years are 0.87 and 0.81,
respectively. Survival at 1000 days for those
aged less than or equal to 48 years and greater
than 48 years is 0.49 and 0.10, respectively

The cumulative survival function at 700 days
for both age classes is 0.90 and survival at
2600 days for those aged less than or equal to
48 and for those aged greater than 48 years
old is 0.69 and 0.51, respectively

The cumulative survival function at 200 days
for both age classes is equal to 0.90, but at
600 days survival for those aged less than or
equal 48 years is higher than for those greater
than 48 years old, at 0.85 and 0.80
respectively
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Fig. 9 Cumulative survival function curves for German and Nanakaly unadjusted data
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Fig. 11 Cumulative survival function curve for the German and Nanakaly adjusted data
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Fig. 12 Cumulative survival function curve for German and Hewa unadjusted data

functions for the German and the unadjusted Hewa data.

The green line, which represents the Hewa unadjusted patient data, intersects with
the blue line, which represents the German patients, at 1000 days. The blue line
gradually decreases from zero to 3000 days. The patients in both institutions apparently
had an equal chance of surviving, as indicated by the cumulative survival function being
almost equal to 0.9. However, above 1000 days, the cumulative survival function for
the green line is higher than the blue, indicating that the Hewa patients apparently had
a higher chance of surviving than the German patients. This figure, however, gives a
very misleading impression of survival probabilities for the Hewa patients because of
the hidden censoring commented upon previously. Actual death rates were not this
low; the number of observed deaths greatly underestimated the total number of real
deaths from patients who had mostly left the study. We see a truer picture in Fig. 14
below.

In general the cumulative survival function for the Hewa data is lower than for the
German data as illustrated in Figs. 4 and 13. The value of the cumulative survival
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Fig. 13 Cumulative survival function curve for the Hewa adjusted data
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function up to 100 days for the German data is equal to 0.999 while for the adjusted
Hewa data it is equal to 0.971. At day 500 the cumulative survival function value is
0.956 for the German data and 0.866 for the adjusted Hewa data. Lastly the cumulative
survival rate at day 700 is 0.902 for the German data and 0.707 for the adjusted Hewa
data. The first adjusted survival curve model for the Hewa data is discussed in [12].

Figures 4, 10 and 13 represent the cumulative survival function for the German
data with the adjusted Nanakaly data and the adjusted Hewa data. The value of the
cumulative survival function at 100 days for the German data is equal to 0.999 while
for the adjusted Nanakaly data it is equal to 0.965 and for the adjusted Hewa data it
is equal to 0.971. At day 500 the cumulative survival function value is 0.956 for the
German data, 0.680 for the adjusted Nanakaly data and 0.866 for the adjusted Hewa
data. The cumulative survival probability on day 700 is 0.902 for the German, 0.524
for the adjusted Nanakaly data and 0.707 for the adjusted Hewa data. In general the
survival curve for the German data is higher than for both the adjusted Nanakaly and
adjusted Hewa data. On the other hand the survival function curve for the Hewa data
is higher than that for the Nanakaly data. This is likely to be because the data from
Hewa is not reliable, due to the fact that we do not have the real time of death, rather
than representing a real large difference. Note that the first adjusted survival curve
model for the Nanakaly data is discussed in [11] and the model for the Hewa data is
discussed in [12].

The cumulative survival function for the German and Hewa-adjusted data is dis-
played in Fig. 14. From 0 to 1000 days, the blue line, representing the German data,
indicates that patients had a higher chance of surviving than the Hewa patients (the
green line). For the Hewa-adjusted data, the cumulative survival function values are
equal to 0.90 and 0.70, respectively. Here, in contrast to Fig. 12, we can see that
the survival rates for the Hewa patients are consistently below those of the German
patients.
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07 T, "
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Fig. 14 Cumulative survival function curve for the German and Hewa adjusted data
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3.1.3 Age-Based Analysis: Connections Between German, Nanakaly and Hewa Data
for Survival Analysis

Finally, we consider a more detailed comparison between the three sets of data, Ger-
man, Nanakaly and Hewa. There were 686, 713 and 1163 patients in the German,
Nanakaly and Hewa hospitals, respectively. Here, we also make use of information
we have on the age of participants in the different studies (for the Hewa and Ger-
man datasets there were many categories, but age was the only additional one for
the Nanakaly data). Figure 15 illustrates the cumulative survival function for three
data sets, where the Nanakaly and Hewa data are unadjusted. The German data is
represented by the blue line, the Nanakaly unadjusted data by the green line, and the
Hewa unadjusted data by the red line. The cumulative survival function for the German
patients is higher than that of the Nanakaly unadjusted patients from 0 to 2000 days,
but after 2500 days, the cumulative survival function for Nanakaly unadjusted patients
is marginally higher than that of German patients. However, the apparent cumulative
survival function for Hewa unadjusted data, represented by the red line, had a lower
value from zero to less than 1000 days than the blue line, but subsequently had a higher
value. The values for higher times for the Nanakaly, and especially the Hewa, data are
not reliable due to hidden censoring, as we discussed above.

The cumulative survival function for German, Nanakaly, and Hewa adjusted data is
shown in Fig. 16; German patients are represented by the blue line, Nanakaly adjusted
patients by the green line and Hewa adjusted patients are represented by the red line.
Compared to the Nanakaly and Hewa patients, the German patients’ had a higher
survival probability at 1000 days; the German, Hewa and Nanakaly probabilities are
0.90, 0.75 and 0.40 respectively.

The following Figs. 18 and 19 illustrate the cumulative survival functions for the
age class less than or equal to 48 years old and greater than 48 years for the patients in
the adjusted Nanakaly and German data respectively (the Nanakaly unadjusted data is
shown in Fig. 17). For the age class of less than or equal to 48 years old, the difference
between German and adjusted Nanakaly cumulative survival functions is 0.074. On
day 600, the German survival function is higher than the adjusted Nanakaly function
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Fig. 15 Cumulative survival function curves for the German, Nanakaly and Hewa unadjusted data
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Fig. 16 Cumulative survival function curves for the German, Nanakaly and Hewa adjusted data

by 0.297 for the same age class. Finally, up to 800 days, the cumulative survival
function for the German data exceeds its adjusted Nanakaly counterpart by 0.333.
Whilst when comparing the age class greater than 48 years old, for the same time
points, the difference between German data and the adjusted Nanakaly data is 0.088,
0.409 and 0.497 respectively, with the German patients again on the higher side.

On the other hand, for the unadjusted Hewa data the older age group (greater than
48 years of age) has a longer survival time, though as we see from Table 2, the p-value
is 0.935, so not significant. We also recall that from before that the Hewa data is not
fully reliable, as we do not have the real time of death and there is no real reason to
believe that the pattern in patients in this data set should be markedly different from
that in either the Nanakaly or German data sets. The cumulative survival function for
the unadjusted Hewa data for the two age classes is shown in Fig. 20, again split into
the same two groups.

Figures 18, 19 and 21 display the cumulative survival functions for the age class
less than or equal to 48 years old and greater than 48 years old for the patients in the
German, adjusted Nanakaly and Hewa data respectively. For the age class of less than
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Fig. 17 Cumulative survival function for age less than equal and greater than 48 years for the unadjusted
Nanakaly data
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Fig. 18 Cumulative survival function for age less than or equal to and greater than 48 years for the adjusted
Nanakaly data
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Fig. 19 Cumulative survival function for age less than or equal to and greater than 48 years for the German
data
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Fig. 20 Cumulative survival function for age less than or equal to and greater than 48 years for the Hewa
data for the unadjusted data
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Table 2 Cox regression model for age using unadjusted and adjusted Nanakaly and Hewa data and German
data

Ages Hazard SE Wald Df P. Exp(B) Lower Upper
Rate (B) value 95% CI1 95% CI
for for

Exp(B)  Exp(B)

Unadjusted 0.032 0.005 33.25 1 0.001 1.032 1.021 1.043
Nanakaly

Unadjusted 0.001 0.013 0.07 1 0.935 1.001 0.976 1.027
Hewa

German 0.010 0.008 1.663 1 0.197 1.010 0.995 1.026

Adjusted 0.029 0.005 30.741 1 0.000 1.029 1.019 1.040
Nanakaly

Adjusted — 0.006 0.007 0.749 1 0.387 0.994 0.980 1.008
Hewa

7 N&;
= = o
o I —
R
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Survival .

& 160 =do =80 ado sdo eto
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Fig. 21 Cumulative survival function for age less than or equal to 48 years and greater than 48 years for the
Hewa adjusted data

or equal to 48 years old, the cumulative survival probabilities for the German, and both
the adjusted Nanakaly and Hewa data are given for three different periods and they
are; at 250 days where there are equal to 0.996, 0.871 and 0.921 for German, Nanakaly
and Hewa data respectively. At 500 days the corresponding values are equal to 0.961,
0.693 and 0.853. Finally, at 700 days the cumulative survival probabilities are 0.908,
0.592 and 0.691 respectively. Comparing the age class greater than 48 years old, for
the same time points the cumulative survival probability for 250 days shows 0.993,
0.865 and 0.938 respectively. The values for 500 days are 0.953, 0.626 and 0.878
respectively and the final values for 700 days are 0.896, 0.427 and 0.645 respectively.

3.2 Statistical Analyses

In this section we consider some analytical statistical approaches to the data. Whilst a
wide range of methods could be applied to the complete German data, there are issues
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with even the simplest approaches for the Iraqi data, and we have limited ourselves
to those which are simple and relatively robust. The existing methodology that we
developed can create a survival curve, but the typical analytical methods that underlie
a direct comparison are not available to us. When comparing more than one dataset,
the standard log rank test assumes that censoring is not correlated with the category
of the data, for example, and this is far from true in our case.

3.2.1 Parametric Versus Non-parametric Estimation in Survival Analyses
with Missing Data

In this paper we have concentrated on non-parametric methods for survival analysis.
Typically, approaches are more adaptable and reliable than parametric approaches
when the underlying distribution of survival times is unclear or complicated and when
there is missing or censored data, which is a critical feature of our data. Results using
parametric approaches may be skewed if certain assumptions, including about the
particular distribution concerned, are broken. Since non-parametric techniques, such
as the Kaplan-Meier estimator, do not make these kinds of assumptions, they are
usually more trustworthy when handling missing data and possible departures from
presumptive distributions.

Censoring, in which the precise survival duration is unknown (for example, a patient
is still alive at the end of the research), is a common feature of survival analysis.
While parametric approaches necessitate adjustments to their distribution assump-
tions, non-parametric approaches deal with censoring more naturally. Without making
firm assumptions about the mechanism underlying missing data, they can be used in
conjunction with other techniques. We are dealing with a situation where both the
standard parametric and non-parametric methods fail, which is why in earlier work
we developed methods appropriate to our data. Due to the above advantages of non-
parametric methods, the models we developed were non-parametric in nature.

We acknowledge that at the extreme parts of our data sets, where the majority of
data is effectively missing, there might be some advantage in considering parametric
methods that could use the bulk of the data to predict the parameter values. However,
no methods exist that would be appropriate to the data that we consider. In particular,
any parametric estimates would be most sensitive to error at precisely this part of
the survival curve. Developing parametric versions of our approach would be more
complex than the non-parametric ones and we have not as yet attempted to do this.

3.2.2 Cox regression Analysis for Single data sets

In this section we consider the effect of a patient’s age on their survival for our different
data sets (bearing in mind again that the unadjusted values for the Nanakaly and Hewa
data are not reliable). Here each data set is considered individually.

In Table 2, B is the hazard rate in the Cox regression model’s variable parameters, SE
is the standard error, Wald is the statistic that determines whether a given variable’s beta
(B) coefficient deviates statistically significantly from 0, Df is the degree of freedom,
P is the significant value, Exp(B) is the estimated parameter. When it comes to the
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estimated parameters at a 95% confidence interval, the lower 95% CI for Exp(B) is
the lower bound, and the higher 95% CI for Exp(B) is the upper bound.

The outcome indicates that the age variable for both the Unadjusted Nanakaly
and Adjusted Nanakaly data models is significant, with a p-value of less than 0.05
compared to the other models. The age variable for the unadjusted Nanakaly data
has highly statistically significant coefficients, according to the Wald statistic. For the
unadjusted Nanakaly patient data, the hazard ratio may be expressed as follows, for
example:

¢(x) = exp(0.032x)

where x represents an individual’s age. The positive value of the hazard ratio indi-
cates that there is a greater risk with higher age. For example exp(0.032 % 21.66) = 2
means that an age difference of years doubles the risk.

As we see in Table 2, the estimates and confidence intervals of B for the five data
sets are:

Unadjusted Nanakaly: 0.032 and (0.021, 0.042);

Unadjusted Hewa: 0.001 and (— 0.024, 1.027);

German: 0.010 and (— 0.005, 0.026);

Adjusted Nanakaly: 0.029 and (0.019, 0.040);

Adjusted Hewa: — 0.006 and (— 0.020, 0.008).

We consider only the adjusted data below, as these are the estimates that are the
appropriate ones following our methodology. We obtain estimates and confidence
intervals for the differences between B values for the different data sets as follows:

Nanakaly-German: 0.019 and (0.000, 0.037);

Hewa-German: — 0.016 and (— 0.037, 0.005);

Nanakaly-Hewa: 0.035 and (0.017, 0.052).

We see from the above individual analyses that only the Nanakaly data (both
adjusted and unadjusted) display a significant element of age risk and that this is
borne out by the comparisons where the difference between the Nanakaly and Hewa
hazard rates in clearly significant, Nanakaly versus German is borderline significant
and Hewa versus German is not significant. As postulated elsewhere, this is likely due
to there being greater age risks in Iraqi hospitals compared to that in German hospitals
combined with reliability issues with the Hewa data, which were more profound and
difficult to adjust for than for the Nanakaly data.

In the figures preceding this section we considered a split in the data between
individuals above and below 48 years of age. This was chosen because it is the median
of the ages in both the Nanakaly and Hewa studies. For example, Fig. 17 shows the
cumulative survival function for the unadjusted Nanakaly data for the age classes less
than or equal to 48 years old and greater than 48 years old. To determine which age
group has a longer survival time, the two survival curves were compared. We can see
that the results observed for these figures, with differences for the Nanakaly data sets
of larger order than for the others, is consistent with the results above.

3.2.3 Cox regression Analysis for Combined Data Sets

In this section we now consider combined datasets. We do this by using a Cox regres-
sion model for the four possible combinations of the three data sets (using the adjusted
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Table 3 Cox regression model for age using Nanakaly and Hewa data and German data combinations

95.0% CI for

Exp(B)

Age (B) SE Wald df Sig Exp(B) Lower Upper

Nanakaly, Hewa 0.008 0.004 4.329 1 0.037 1.008 1.000 1.015
and German

Hewa and —0.002 0.005 0.178 1 0.673 0.998 0.988 1.008
German

Nanakaly and 0.015 0.005 11.411 1 0.001 1.015 1.006 1.024
German

Nanakaly and 0.013 0.004 9.605 1 0.002 1.013 1.005 1.0
Hewa

data only for Nanakaly and Hewa hospitals). The results for each of these are shown
in Table 3.

In Table 3 we can see that the combined estimated value of our hazard parameter
B is significantly different from zero in all three of the four combinations that contain
the Nanakaly data. This is consistent with the earlier results where the Nanakaly data
showed a significant age-related effect, but the other two data sets did not.

4 Discussion

In this paper we considered the comparison of breast cancer survival data between
hospitals in the Kurdistan region of Iraq, Nanakaly and Hewa, and those from a German
hospital. The models in this paper are built on those from our earlier work, [11, 12]
which considered how to deal with a specific type of missing data in a health setting,
where individuals leave a medical study without notifying the hospital concerned.
For the earlier model there was an additional problem of missing data, caused by
uncertainty about the time of death compared to (what could be taken as) the recorded
time of death, as this was a problem present in the Hewa dataset. The models produced
adjusted survival curves to take the data problems into account and give a better
prediction of true survival rates. The original and new works both consider the variable
of patient age. The purpose of this study is to compare patient survival between the age
variable data sets from the Nanakaly and Hewa hospitals, using the adjusted models,
with the original age variable data from the German hospital.

For the three hospitals we considered the age variable in two different ways. Firstly,
in a qualitative analysis we plotted the survival functions for patients younger and older
than a cut-off age of 48. This age was chosen as it was the median value of the age
for both the Hewa and the Nanakaly data sets. We can see that, as you might expect,
patients aged greater than 48 years have lower survival rates from breast cancer than
those aged less than or equal 48 years for both the Nanakaly and German data sets,
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as shown in Figs. 18 and 19, respectively, with the difference larger for the Nanakaly
data.

After adjusting Nanakaly and Hewa data the finding shows the age group of less
than or equal to 48 years old, the German cumulative survival probabilities, and the
adjusted Nanakaly and Hewa data are provided for three distinct time periods: at
250 days, the German, Nanakaly, and Hewa data, respectively, are equal to 0.996,
0.871, and 0.921. The equivalent values are 0.961, 0.693, and 0.853 at 500 days. The
cumulative survival probabilities at 700 days are, in order, 0.908, 0.592, and 0.691.
The cumulative survival probability for 250 days for the age class older than 48 is
0.993, 0.865 and 0.938, for 500 days the cumulative survival probability for the same
ageis 0.953,0.626 and 0.878 respectively and finally the values for 700 days are 0.896,
0.427 and 0.645 respectively.

Interestingly, for Hewa hospital the apparent survival rates are almost identical,
but with the patients over 48 having a slightly higher survival curve than those less
than or equal to 48 years old, as we see in Fig. 21. We have two comments to make
on this surprising outcome. Firstly, as we see later, the differences are too slight to
be significant, as opposed to for the other two data sets. Secondly, and perhaps more
importantly, the survival curve for the Hewa data is more unreliable than that for the
other data sets. The German data has an accurate unadjusted survival curve, and the
adjustment process for the Nanakaly date is more robust given that times of death at
least are accurately reported. Thus, whilst our adjustment method works to make the
results more accurate, there is still some caution needed when interpreting the results.

To estimate the hazard ratio for differences in the age parameter a Cox’s proportional
hazards model applied for the adjusted Nanakaly and Hewa data is shown in Table 2.
The hazard parameter B was positive and significant for the Nanakaly data, positive
but not significant for the German data and (just) negative and not significant for the
Hewa data. These results are, not surprisingly, consistent with the discussion above
on the three different models.

The specific subject of our data, breast cancer, is the most common type of cancer in
women in both developed and developing countries. The incidence of breast cancer is
increasing in developing countries due to increased life expectancy, increased urban-
ization and wider adoption of western lifestyles. Although some risk reduction might
be achieved with prevention, these strategies cannot eliminate the majority of breast
cancers that develop especially in low and middle-income countries where breast
cancer is diagnosed in very late stages [23]. Early detection is therefore required to
improve the outcome of breast cancer and survival remains the cornerstone of breast
cancer control.

The World Health Organization promotes breast cancer control within the context of
national cancer control programs integrated with non-communicable disease control
and prevention. At present, WHO together with support from the Komen Foundation
is conducting a 5-year breast cancer cost-effectiveness study in 10 low and middle-
income countries. The project includes a program-costing tool to assess affordability
(WHO, 24). In order to make efficient use of the medical equipment and trained staff
available, the WHO has adopted a programme heavily focusing on early detection and
prevention [25]. Given the relative underdevelopment of medical infrastructure across
the region and the consequent difficulty of arranging regular check-ups, it is crucial to
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educate the female population on early signs of breast cancer as well as the associated
risks [26].

Mortality rates related to breast cancer around the Eastern Mediterranean are
steadily increasing even as the overall incidence is lower than across the developed
world. One explanation proffered by Mahdi et al., [27] is that many cases of breast
cancer appear to be diagnosed at an advanced stage of the disease, complicating treat-
ment independent of the medical resources available. A useful case study is presented
by Iraq. In the decade from 2009 to 2019, the incidence of breast cancer almost dou-
bled from 9.5/100,000 to 18.2/100,000, making it the leading tumour diagnosis as
well as the second most lethal cancer in Iraq (Ministry of Health and Environment,
[28]). Recent data suggests that in addition to rising incidence rates, breast cancer in
Iraqi women is diagnosed at later stages and younger ages when measured against
the corresponding figures from western countries [29, 30]. This combination of trends
makes the reported mortality rate one of the highest in the world, according to recent
comparative literature [23].

As aresult of war, internal displacement and the chaos and disorder associated with
civil strife over the last 40 years, the Iraqi healthcare sector has not been able to develop
at rates comparable to other countries of the region. While some recent government
initiatives have been launched in an attempt to reverse the tide and improve certain
key indicators [30], health outcomes have broadly deteriorated [31] & [32]).

The breast cancer early detection (BCED) programme has been evaluated over nine
years in a study of a total of 360 patients at the Medical City Teaching Hospital and the
national cancer research center (INCRC) in Baghdad. During the studied period, the
proportion of women presenting with stage IV cancer significantly fell from 15.2%
in the first year to 9.1% at the end of the study [33]. At the same time, the propor-
tion of advanced stage (IIl & IV) diagnoses remains alarmingly high. We note that
the awareness and knowledge of breast cancer risks and detection techniques among
Iraqi women was the focus of a study carried out in the Kurdistan Region of Northern
Iraq. The convenience sampling technique (CST) was used to select 400 female Kur-
dish patients presenting at either the maternity teaching hospital in Erbil or one of the
primary healthcare centres (PHCs). At first glance, the results of the study were encour-
aging; for instance over half of the surveyed population reported some knowledge of
mammography, and almost 90% were aware of the beneficial effects of early detection
on prognosis. However, some misconceptions remain relatively widespread; roughly
a third assumed breast cancer to be altogether preventable. Furthermore, the level of
accurate knowledge of breast cancer risks and early detection techniques tracked heav-
ily with socioeconomic status, suggesting the necessity of further outreach programs
targeting poorer and less literate communities [34].

In conclusion, despite challenges to related to missing data, we have managed to
obtain a picture of breast cancer survival rates in the Kurdistan Region of Iraq in
comparison to those in the west, in particular Germany. We have also been able to
highlight the differences in survival rates between younger and older patients. We note
that we would be able to make more definitive statements with more accurate data,
but our methodology nonetheless highlights some important features of the data.
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