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Net-Migration in Relation to Incidence of Cystic
Fibrosis in Ireland

Fergal Bell
Student ID: X18119115

Abstract

It is a well-known fact that the occurrence of cystic fibrosis in Ireland is the
largest in the world (approximately 27 cases per 100k of population. There is
anecdotal evidence that the number of diagnoses of cystic fibrosis per annum is
slowing down/decreasing to a high of 48 (2012) to 37 cases diagnosed in 2018.
The “curse” of cystic fibrosis is a predominant feature of a terminal illness that
has plagued Ireland since time immemorial. Indeed, my youngest daughter
suffers from the disease. Hence, if there was a “tool” that could predict and or
forecast new diagnoses into the future based on population growth and more
importantly -net migration (whereby the nation’s “gene pool” is been “diffused”)
would enhance healthcare planners’ decision making Process.

A dataset of 10,128 thousand records were with 59 variables used in the research.
Various statistical techniques were employed, such as: SPSS, Excel, and RStudio
The scope of this paper is to investigate whether net-migration in Ireland has any
affect in the number of diagnoses.

1 Introduction

Cystic Fibrosis in Ireland has always been commonplace whereby there is approximately (on
average) 40 (range 27-49) new cases diagnosed annually between 2010 and 2018 (2018 Annual
Report CF Registry of Ireland, 2018). Ireland has the ‘infamous’ title of the highest occurrence
of CF in the world with 27 PWCF (people with Cystic Fibrosis) per 100,000 of population -
calculation based on 1284 PWCF (CF Ireland Annual report, 2018)*. There has been numerous
papers/articles conducted on this subject over the last two decades from various countries, such
as, America looking at socio-demographic background of CF patients (Sawaicki et al, 2007),
Sweden Mental Health, (Backstr&ouml;m Eriksson, 2020), Ireland Caregiver Burden (Suthoff
et al., 2019). However, the effects of net-migration on the population of PWCF in Ireland has
not been investigated to model the future diagnoses of PWCF. It is more so applicable to Ireland
due to its high number of CF sufferers in proportion to its population.

Lhttps:/iww.cfri.ie/docs/annual_reports/CFRI2018.pdf


http://www.cfri.ie/docs/annual_reports/CFRI2018.pdf

Since the annexation of 10 countries in 2004 there has been a large influx of migrants to Ireland
resulting in a net-migration average increase of 54.38% from 2006 — 2016 (Population and
Migration Estimates April 2019 - CSO - Central Statistics Office, 2019)

1.2 Research Question

RQ: “Can Net-Migration influence incidence of cystic fibrosis in Ireland and improve
predictions based on (Naive Bayes, Decision Tree Regression, Random Forest, K-Nearest
Neighbours, Support Vector Machine, Kernel Support Vector Machine) of cystic fibrosis for
future Incidences?”.

This research will be beneficial for stakeholders to implement infrastructure planning, staff
levels, medication needs, and overall future strategies.

Sub-RQ1: “Therefore if there are any influences emanating from net-migration. Can these
prediction model(s) improve forecasting diagnoses of cystic fibrosis?”

Sub-RQ2: “Based on the proportionalities of PWCF in the migrant’s country of origin, is it
possible to factor in these measures to enhance the prediction model(s)?”

To solve the problem and research question, the following objectives were addressed

1.3 Research Objectives: To solve the problem and research question, the following
objectives are addressed.

Objective 1: A critical review of literature on Cystic Fibrosis relating to nationalities.
Objective 2: Pre-processing the data (extracting features).

Obijective 3: Implementation and evaluation of cystic fibrosis prediction models.
Obj3-1Implementation, evaluation, and results of Naive Bayes model.

Obj3-2 Implementation, evaluation, and results of Decision Tree Regression model.
Obj3-3 Implementation, evaluation, and results of Random Forest model.

Obj3-4 Implementation, evaluation, and results of K-Nearest Neighbours model.
Obj3-5 Implementation, evaluation, and results of Support Vector Machine model.
Obj3-6 Implementation, evaluation, and results of Kernel SVM model.

Objective 4: Comparison of developed models (objective 3)

2 Literature Review

2.1 Introduction

This literature review aims to investigate what other research has been done in relation to the
prevalence of cystic fibrosis over a period of time to what has been done to gain new
knowledge, any gaps and furthermore any limitations that has been identified. This section is
divided into several sub-sections, such as: (i) Literature review history of Cystic Fibrosis, (ii)
Literature review on incidence of cystic fibrosis and Identified Gaps, (iii) Survey of the
Prevalence of Cystic Fibrosis in the European Union and how such traits were investigated,
(iv) Limitations of research



2.2 Literature Review on the History of Cystic Review

Over the last number of decades there has been numerous articles, theses, journal papers, etc
conducted on the prevalence of Cystic Fibrosis in various countries. Some, using measures per
capita/per 100k of population. For example, Farrell et al. (2007) used sweat test statistics? to
find incidences [cystic fibrosis] in relation to births from 2001 to 2003 — which varied from
year to year, although the average was 1:1353. As a caveat to the latter Devaney et.al (2002).
estimated the incidence as 1:14613. As Farrell et.al (2007). have stated:

“Ireland’s incidence is the highest among Western European nations and is much
higher than North American Nations. This is probably attributable to a high CFTR
mutation prevalence and consanguinity” [relating to or denoting people descended
from the same ancestor] (Concise Oxford English Dictionary, 2006).

As sweat tests were the common indicator of Cystic Fibrosis before July 2011 in Ireland new-
born screening also known as ‘the heel prick test’ is utilized for all newborns in Ireland*. This
gives a better outcome for all newborns diagnosed with CF from birth® in which a high-energy
regimen can be started immediately. Delay in diagnosing Cystic Fibrosis has been shown
Steinraths, Vallance and Davidson (2008:882) without new -born screening 1:15 CF patients
die without being diagnosed. The above has been strengthened by M. Stern et. al. (2014: S45)
stating: that follow-up of well-defined groups young patients diagnosed by newborn-screening,
gives the best chance of treatment. The above test also has the effect of updating data in real-
time providing not only a unique opportunity of quality improvement for CF sufferers it gives
a detailed profile of the CF patient, such as: nationality, age, type of CF mutation, etc. M. Stern
et. al. (2014: S45)

2.3 Literature Review on incidence of Cystic Fibrosis and any Gaps
Identified.

Jackson and Goss stated that information has been monitored via registries over 60 years — see
figure 1 - although Ireland’s registry has only been in existence since 20018,

One of the most comprehensive registries is the U.S. Foundation Patient Registry (CFFPR) it
is by far the oldest registry in existence (established in 1966) with over 350 variables captured
— table 1, Summary of cystic fibrosis registry information (Jackson, Goss, 2017, p.2) gives an
overview of all the known CF registries worldwide, it is estimated that between 70,000 and
100,000 people have CF worldwide, with varying odds of carrying the defective gene based on
race and genetics’ - see tables 1&2.

2

https://repository.rcsi.com/articles/Diagnosis_of_cystic_fibrosis_in_the_Republic_of Ireland_epidemiology_and_costs_/1078223
3/1

3 https://onlinelibrary.wiley.com/doi/full/10.1034/j.1399-0004.2003.00017.x

4 https://iwww.cfireland.ie/about-cf/newborn-screening-for-cf

5 https://www.hse.ie/eng/health/child/newbornscreening/newbornbloodspotscreening/information-for-professionals/conditions/cf/

® https://www.cfri.ie/index.php

" https://www.healthline.com/health/cystic-fibrosis-facts
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Mehta et al. observed CF registries either maintained high coverage of the CF populations in
their respective countries, varying from 81-84% in the United States to the highest CF patient
coverage in the United Kingdom — 99%. These registries gathered small numbers of highly
accurate quantitative demographic data fields or sought to capture many clinically relevant
fields — data variables ranged for each registry from 47 [Europe & New Zealand] to greater
than 350 [United States]. However, there are gaps in the datasets of most of the registries
maintained worldwide — i.e. the coverage of CF patient covered by the registries varies from
81% to 98% due primarily to patients who do not consent to participate in the registry (Knapp
etal., 2016, p.1176).

The above data - quality limitation could be mitigated by cross-referencing patients” medical
records with the registry depending on variables measured. (Knapp et al., p.1176). However,

this method is both time consuming and can be inaccurate.

According to John Hopkins, the risk of certain ethnicities carrying the faulty gene is:

Table 1 Probabilities of carrying faulty CF gene based on ethnicity

Ethnicity Probability

Caucasians 1in29
Hispanics 1in 46
African Americans 1in65
Asians 1in90

Note in Ireland 1:19 people carry the faulty gene, which gives a risk of having a child born
with cystic fibrosis of 1:1400.

Table 2: The risk of having a child born with cystic fibrosis

Ethnicity Probability
Caucasians 11in 2,500 to 3,500
Hispanics 1in 4,000 to 10, 000
African Americans 1in 15,000 to 20,000

Asians 1in 100,000

{_‘.

Figure 1. Countries with a cystic fibrosis registry — source: Jackson, Goss, 2017, p.2



Table 3: Cystic Fibrosis Registries across the globe
Cystic Fibrosis Registries®

Country Registry Name Year CF Patient Data Variables
Established Coverage

Australia Cystic Fibrosis 1998 90-95% 200
Federation Australia
Belgium Belgian Cystic Fibrosis 1998 >90% 200
Registry
Brazil Brazilian Registry of 2003 82%
Cystic Fibrosis
Czech Republic Cystic Fibrosis Registry 2004 >95% 230 approximately
of the Czech Republic
Denmarkc Danish Cystic Fibrosis 2000 99% 26 core dataset —some
Patient Registry variables collected at one
of the centres
Europe European Cystic 2008 Varies from 47
Fibrosis Society country to
(ECFSPR)b country 88%
France Registre Francais de la 1992 88% 400

Mucoviscidose

Germany Deutsches 1995 >95% >200
Mukoviszidose-Register

Italy Italian National Cystic 1988 93% 120
Fibrosis Registry
(INCFR)

New Zealand Cystic Fibrosis New 1968 96% 47
Zealand

Russian Federation Russian Cystic Fibrosis 2011
Registry

The Netherlands Dutch Cystic Fibrosis 2007 98% 150
Registry

United Kingdom Cystic Fibrosis Trust 1996 99% >250

United States Cystic Fibrosis 1966 81-84% >350
Foundation Patient
Registry (CFFPR)

a Countries contributing data to the 2017 ECFSPR Annual Report included: Albania, Armenia, Austria, Belgium, Bulgaria,
Croatia, Czech Republic, Denmark, France, Germany, Greece, Hungary, Ireland, Israel, Italy, Latvia, Lithuania,
Luxembourg, Republic of Macedonia, Republic of Moldova, The Netherlands, Norway, Poland, Portugal, Romania, Russian
Federation, Serbia, Slovakia, Slovenia, Spain, Sweden, Switzerland, Turkey, Ukraine, United Kingdom.

b Various countries have their own registries others have individual contributing centres.

Although, there is a wealth of data available not all datasets are consistent in the amount of
data variables each registry accumulates (see table 3). This limitation would affect data
analyses depending on which features the analyses is targeting, such as nationality which
would have a bearing in this study - i.e. the origin of birth of the CF patient or the origin of
the parents nationality is a vital component of this research. Also, date of birth is important —

& https://www.ecfs.eu/sites/default/files/general-content-images/working-groups/ecfs-patient-
registry/ECFSPR_Report2017_v1.3.pdf
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especially if the CF patient was born within the timeframe of 2004 to present [10 countries
annexed to the European Union in 2004 — an increase of 74 million persons who are free to
travel and work within the European Union — and of more significance to this research the
entitlement to live and raise a family in the destination country of choice].®

2.4 Prevalence of Cystic Fibrosis in the European Union and how such
traits were investigated and Gaps Identified

Cystic fibrosis is most prevalent in Europe, North America, and Australasia (Australia, New
Zealand).1® Urban settings in European countries are adding to the diversity of the gene pool
due to non-European populations. This effect is changing the CF inheritance since the CF
causing mutations differ from those found in the original European population (Mehta et.
2007). A case in point would be the relatively recent European migration crisis [also known as
the refugee crisis] were over one million refugees arrived between 2015 — 2016 - where most
of the migrants originated from Syria and Afghanistan®!,

Research has shown that the mean prevalence of CF in Europe is 0.7367 per 10,000 of
population (Bobadilla et. al, 2004) — outlier being Republic of Ireland 1 in 19 of the population
carrying the defective gene.

However, by using 2017 data'? it can be shown from registered CF patients collected by
European Cystic Fibrosis Society (reported number) that the incidence prevalence has
increased slightly from 0.7367 per 10,000 of population to 0.8223 per 10,000 of population®.
This may be due to the substantial increase in overall European population [2017 population:
511.4 million as compared to 456.5 million - excluding Romania 19.64 million & Bulgaria-
7.102 million (joined EU 2007), Croatia - 4.13 million joined 2013)]*.

2.4.1 Traits Investigated

Mutations: A Review of Incidence and Prevalence and Net-Migration

Worldwide, the AF508 allele, which presumably arose from a single origin, ranks as the most
common CFTR mutation [Cystic Fibrosis Genetic Analysis Consortium (CFGAC), 1994].
Although AF508 is the most prevalent mutation -depending on geographic location — Middle
Eastern groups and Jewish populations. (Bobadilla et. al, 2002). There are 36 most common
mutations found in populations of European origin®®. Although the most common mutations

9 https://www.cairn-int.info/article-E_POPU_402_0361--the-european-union-at-the-time-of- enlarg.htm
10 http://ww.bmbtrj.org/article.asp?issn=2588-

9834; year=2017; volume=1;issue=2;spage=105;epage=112;aulast=Mirtajani

11 https://en.wikipedia.org/wiki/United_Nations_High_Commissioner_for_Refugees

12 https://www.ecfs.eu/ecfspr

13 \ethod: S % 10,000 = 0.8223 to 4 d. p.
14 https://ec.europa.eu/eurostat/documents/2995521/8102195/3-10072017-AP-EN.pdf/a61celca-1lefd-41df-86a2-bb495daabdab

15 https:/idevyser.com/products/cystic-fibrosis/devyser-cftr/2gclid=Cj0KCQjw-r71BRDUARISAB7i_QMB8eL Xy9agz-
_saelljMIxyUWXGGynjam_1CCIRIDxfhkbD3-pQ-dsaAICQEALw_wcB#devyser-cftr-uk
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number, 5 distinct groups based on geographic location. They are: Fdel 508, G542X, N1303K,
G551D, and W1282X (Mateu et.al, 2002). These five mutations are found throughout Europe,
although their distribution shows clear geographic patterns: Delta F508 shows a northwest-to-
southeast gradient, with a maximum (87.2% of all CF chromosomes) in Denmark and a
minimum (21.3%) in Turkey (Gradient of distribution in Europe of the major CF mutation and
of its associated haplotype, 1990). G542X is common in Mediterranean countries and is present
in most of Europe, being most frequent (16.7%) in the Balearic Islands (Estivill et al. 1997).
N1303K is present around the Mediterranean, and it reaches its highest frequency (17.2%) in
Tunisia (Estivill et al. 1997). Mutation G551D is common in north-western and central
Europe, but it is common in other parts of Europe (Estivill et al. 1997). Finally, mutation
W1282X is common in most Mediterranean countries, reaching its highest frequency (36.2%)
in Israel (Estivill et al. 1997). In relation to mutation G551D, is most common in the West of
Ireland with a 6.9% prevalence rate in Ireland (Cashman et al., 1997).

An interesting finding in the diversity/number of mutations in the EU was in relation to
Belgium. According to Bobadilla et al there are 27 mutations present in the Belgian population
[the highest rate in the European Union] (Bobadilla, Macek, Fine and Farrell, 2002). This
prevalence of so many different mutations in Belgium may be linked to the high ethnic diversity
of the Belgian population. In 2007 12.9% of the population were of foreign descent — 6.5%
from other EU countries and 6.4% from countries outside the EU. This statistic has increased
to 25% of the population in 2012, The above may have some bearing on the increase in
mutation variants of CF in the Belgian CF registry report 2016 (Wanyama and Thomas, p.40,
2018). In this report it showed there was an increase of 27 (Bobadilla et al, 2002, p.580) to
39 mutations. Bobadilla et al have shown not only Belgium, but Spain, Bulgaria, Greece, and
Turkey have the most diverse mutational arrays in Europe on average 25 (95% CI, 17.7-32.3)
mutations accounted for 84% (95% CI, 77.9-90.1) of the CF alleles®®. This follows the
geographical location of these countries and more importantly the historical movement of
peoples in historical times. These countries were used as “gateways” into the European
continent either to avoid conflict or for economic reasons. A case in point is the so-called Celtic
gene G511D allele associated with populations of a Celtic descent, and is found prominently
in Ireland, Brittany in France and interestedly in the former Czechoslovakia — Czech Republic
3.8% (Bobadilla et.al, p.591, 2002). This anomaly can be attributed to the expansion of The
Roman Empire whereby most peoples of Celtic origin fled to Ireland, UK, and Northern
France. However, there was one tribe (the Boii) stayed north of the Alps and assimilated with
the incoming populations (James.S, 1993). This region became to be known as Bohemia which
encompasses part of South-East Germany, Northern-Austria, and Czech Republic. One of the
potential limitations/gaps identified was the testing process needed to identify all/ most of the
mutations of the CF gene that can occur — at the latest count there are 2088 different mutations
of this gene?®. Therefore, the neonatal screening rolled out in all countries needs to have a very-
high sensitivity whilst avoiding exclusions of minority populations. This bias can be shown in
mutations that do not show up in the usual sweat testing screening. A case in point is the
Hispanic population in the United States, where the mutation that causes CF in this cohort
3849+10kbC -T does not react to the traditional sweat test.

16 https://en.wikipedia.org/wiki/Demographics_of Belgium

17 https://www.sciensano.be/sites/www.wiv-isp.be/files/report_belgian_cf registry 2016_en_final_1.pdf
18 https://www.youtube.com/watch?v=pv3KjOUjiLE
19 http://www.genet.sickkids.on.ca/cftr/StatisticsPage.html
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2.5 A Review of Incidence and Prevalence of Cystic Fibrosis due to
Genetic Drift and Net-migration

25.1 Genetic Drift

Genetic drift®® is the mechanism of evolution in which the frequencies of alleles
change/disappear over time in a population due to chance. How these occurrences are triggered
come from several originators, as follows:
1. Genetic drift occurs in all population sizes, but its effects are more prominent
in small population sizes
2. Genetic drift can have major effects when its population size is reduced, such
as natural disasters, major conflict — known as the ‘bottle neck effect’
3. Deliberate interference with gene selection — eugenics is a case in point
(practiced by the NAZI’s during WW2)!
4. Founder effect: this effect has more to do with colonisation than catastrophe,
whereby, a small group of individuals breaks off from a larger population to
find a new colony

In relation to this study genetic drift does not seem to reduce the prevalence of CF alleles, but
actually seems to increase slightly the most common allele F508del in Ireland from 72%
(Cashman et al., 1995) to 73.8% in 20182 and a noticeable increase in the ‘Celtic gene’ from
6.9% (Cashman et al., 1995) to 8.3% in 2018%.

2.5.2 Net-Migration

As a follow on from the above comments - genetic drift is related to migration of peoples, but
only has a real impact if the population is small. Since the annexation of 10 new countries into
the European Union there has been increase of net-migration of 332,400 people up to 2019 —
the great majority originated from Poland.? It is interesting to note that the prevalence of CF
in Ireland is approximately 14 times higher than the prevalence of CF in Poland.

2.6 Literature Review on Prediction of Genetic Disease using Machine
Learning

There has been quite a lot of research done on genetic disease prediction via machine learning
techniques, for instance Schrodi et.al., 2014 used GRS [Genetic Risk Scores] published onthe
G.W.A.S. website?. Schrodi et al. used a predictive model based on the sum of predisposing
genotypes that each individual carrier, either weighted or unweighted by the effect size. For
each genome they used SNPS?, For instance, Ripatti et al. developed a genetic risk based on

20 https://www.khanacademy.org/science/biology/her/heredity-and-genetics/a/genetic-drift-founder- bottleneck
21 https://en.wikipedia.org/wiki/Nazi_eugenics

22 https://cfri.ie/annual-reports/

23 https://cfri.ie/annual-reports/

24 https://www.cso.ie/en/releasesandpublications/er/pme/populationandmigrationestimatesapril2019/
5 https://www.genome.gov/genetics-glossary/Genome-Wide-Association-Studies

26 Single nucleotide polymorphisms, frequently called SNPs (pronounced “snips™), are the most common type of genetic variation
among people. Each SNP represents a difference in a single DNA building block, called a nucleotide.
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13 SNPs associated with coronary heart disease (Ripatti et al., 2010). The formula used to
predict genetic risk scores is as follows:

k
GRS = >’ wiR;
L
Where k is the number of SNPs, is the number of risk alleles at the ith SNP, is the p weights?’
from the GWAS. Schrodi also employed regression methods for constructing prediction
models for both dichotomous and quantitative traits. Schrodi, stated that regression models are
still commonly used for disease prediction. A cursory glance search of PubMed showed 20
articles published using logistic regression methods in 2019 for a variety of genetically based
diseases from Alzheimer’s, COPD, Lung cancer to heart disease. Schrodi used 6 different
machine learning methods (Schrodi et al., p13, 2014) on a genetic disorder -Inflammatory
Arthritis — which can be applied to all genetic-based diseases, such as Cystic Fibrosis. It
showed that Naive Bayes exhibited slightly higher CV accuracy [10-fold Cross-Validation]
when compared to other algorithms. Kurgan et al (2005) used neural networks and SVM to
predict genotypes associated with Cystic Fibrosis achieving an accuracy of 73.1%. Cattellani
et al (2005) use GLM [General Linear Model] to predict incidence of CF via screened neonates
in Italy, although no accuracy was given — 100% of the dataset available was used. Capriotti
et al (2006) used a novel approach in predicting ‘insurgence’ of human genetic diseases
associated to SNP’s (genetic variation) achieving an accuracy of 74%. Although, the
variables/features used are not exactly the target variable (Incidence of Cystic Fibrosis)
proposed to use in this project — most, if not all the techniques can be implemented in this
project.
Table 3: Comparison of Literature in Prediction of Cystic Fibrosis Incidence

Features/Variables

Classifiers and

Comparisons of

Software Used

Authors

Extracted Techniques Results
(Accuracy)
SNP’s%82° GRS3C Logistic 77.9% 10-fold Weka Schrodi et al,
Regression, cross validation 2014
Naive Bayes,
Neural
Networks, SVM,
Random Forests
Genotype Neural 73.1% 10-fold MetaSqueezer Kurgan et al,
Networks, SVM cross validation 2005
Screened GLM NA R Studio Castellani et al,
Neonates 2009

27 https://www.statisticshowto.com/beta-
weight/#:~:text=A%20beta%20weight%20is%20a,is%20a%20single%20predictor¥%20variable.

28 A single nucleotide polymorphism, or SNP (pronounced "snip™), is a variation at a single position in a DNA sequence among
individuals.

29 https://www.nature.com/scitable/definition/snp-295/

30 https://www.nature.com/articles/d42473-019-00270-w
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SNP’s Decision Tree 74% accuracy at | BLASTClust Capriotti et al,
predicting 2006
mutations

2.7 Conclusion

In reference to the literature reviewed and identified gaps there is a glaring lack of CF incidence
projections based on net-migration into Ireland or any other country for that matter to plan
future healthcare needs. There is evidence from lItaly that new-born screening may have an
influence on birth rate due to couples not having children or stopping to have children based
on one of their offspring being diagnosed with cystic fibrosis —however, it is a different feature
than being investigated in this project. The next chapter will outline the scientific methodology
used to develop future projections of Cystic Fibrosis incidence.

This chapter has solved objective 1, in introduction chapter.
3. Scientific Methodology Used
3.1 Introduction

In relation to the substance of the project and the data mining techniques which will be used to
garner insights in the overall project KDD [Knowledge Based Discovery] is best suited to
modelling this project. Although, Crisp-DM [Cross-industry standard process for data mining]
has some features that could be related to the business ‘goals’ of this project — enhancing
healthcare management of clinical needs, so an altered KDD model can be used here with a
two-tier structure — client tier - H.S.E and business logic tier.

3.2 Cystic Fibrosis Methodology Used

The cyst Fibrosis methodology approach used (see figure 2) for ethnicity(net-migration) effects
on incidence of Cystic Fibrosis in Ireland consisted of the following stages: (i) data selected
from annual cystic fibrosis reports from 2008 to 2016, this consisted of manually inputting data
from the reports and creating a spreadsheet of 10,189 rows and 56 variables —a total of 570,854
data points, (ii) all data was pre-processed and normalised using statistical techniques, (iii) data
was inputted into RStudio, RapidMiner, and SPSS for analysis, (iv) Naive Bayes, SVM, KNN,
Neural Networks, Random Forests, decision trees were trained on the data, (v) models were
evaluated and interpreted based on accuracy of the models used.
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Figure 2: Methodology of Ethnicity Effects on Cystic Fibrosis in Ireland

3.3 Project Design Flow
The project paradigm process is presented in figure 3 of ethnicity/net-migration on CF
incidence in Ireland and other influencing factors, feature extraction, cleansing and normalising
data, application of various data mining techniques in tier 2. Tier 1 presents the data in
visualised form using RStudio, and other software.

Tier 1: Presentation Tier

£ A

- Cleansing and Ethnicity, incidence

Normalising data _ peryear, other
influencing factors

1

Data Mining models of ethnicity via net-migration in Cystic
Fibrosis population cohort
Naive Bayes, SVM, Neural Networks, KNN, Kernel SVM (radial)
Random Forest, Decision Trees

Feature Extraction

Figure 3: Project Paradigm Process Flow effects of ethnicity/net-migration on CF incidence in Ireland
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3.4 Conclusion

A hybrid version of Cystic Fibrosis methodology approach was used in this project both for
the research and needs of this project. As can be seen in figure 3 the process flow commenced
by extracting data from 10 years of annual reports from the Cystic Fibrosis Registry of Ireland.
A two-tier architecture was then used in this project. In chapter 4 implementation, evaluation,
and results of the various models will be explored to elicit any factors that influence CF
incidence in Ireland primarily focussing on net-migration.

4 Implementation, Evaluation and Results of Cystic Fibrosis
Prediction Models

4.1 Introduction

The implementation, evaluation and results of models implemented are explained in this
section. All statistical techniques, feature extraction, algorithms, mathematical models are
described in detail. The evaluation of the models is based on an accuracy metric viaconfusion
matrices. The best-performing model was chosen at the end of this section by comparing the
accuracy of each model.

4.2 Extracting Features from the Dataset

Feature extraction is an important and invaluable method not only to improve accuracy of the
models, the “soundness” of the results based on accurate data, excluding data bias via
multicollinearity of the independent variables in the dataset. To identify which variables to
extract and which variables to exclude a Principal Component Analysis (PCA) was conducted
in SPSS version 26. The target variable chosen was Incidence instead of Incidence of CF Yearly
due to more accuracy attained using Incidence Rate3! of CF based on population sizes from
2008 to 2016.

The principal component analysis was run on 59 variables (apart from Severity of Disease —
which was a categorical variable unsuitable for PCA analysis) of the dataset, this dataset
composed of 10,128 rows of data (597,552 individual datapoints). Inspection of the correlation
matrix showed that all variables analysed had at least one correlation greater than 0.3. PCA
revealed 7 components greater than 1 and which explained 64.14%, 10.91%, 6.81%, 5.12%,
3.74%, 3.44%, and 3.06% of the total variance, respectively. Visual inspection of the scree plot
indicated that 7 components should be retained. The seven-component solution explained
97.21% of the total variance. However, upon more thorough analysis the initial PCA analysis
on 59 variables did not produce a KMO Bartlett Test table due to negative eigenvalues®?. On
further analysis the dataset was reduced to 18 variables although this number of variables did
create KMO Bartlett Test Table, the Kaiser-Meyer-Olkin values was exceptionally low which
would indicate poor factorability between variables. Notwithstanding, by reducing the number
of variables from 18 to 9 by process of elimination a Kaiser-Meyer-Olkin of 0.572 was
achieved, and Kaiser(1970, 1974) and Bartlett’s Test of Sphericity (Bartlett 1954) reached
statistical significance, supporting the factorability of the correlation matrix. (Pallant, J, 2016)
The second principal component analysis uncovered the presence of two components with
eigenvalues exceeding 1, explaining 41.24% and 38.34% of the variance, respectively. After

31 https://www.cdc.gov/csels/dsepd/ss1978/lesson3/section2.html
32 https://www.ibm.com/support/pages/factor-does-not-print-kmo-or-bartlett-test-nonpositive-definite-matrices
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inspection of the scree plot (see figure 4) it was decided to keep three components for further
investigation. The total variance explained by these components was 90.53%

Scree Plot

Eigenvalue
N

Figure 4: Scree plot of 9 variables of the dataset
Table 2: KMO & Bartlett’s Test

KMO and Bartlett's Test

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. 572

Bartlett's Test of Sphericity Approx. Chi-Square 140276.815

df 36

Sig. .000

4.3 Multiple and Linear Regression of the Dataset

Factor analysis, multiple regression, linear regression using SPSS and RStudio showed
consistent correlations between incidence of Cystic Fibrosis and age groups, especially the age
groupl0 to 14 years of age with a consistent r correlation of 0.810 to 0.870. Figure 5: Feature
of Incidence versus Population from 2008 to 2016 (Linear Regression). As can be gleaned from

figure 5 linear regression does not give a good model for prediction (blue line) incidence of CF
from 2008 to 2016.

Incidence of CF (Linear Regression

Incidence of CF

4450000 4500000 4550000 4600000

550¢( 4650000 4700000
Population
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Figure 5: Feature of Incidence versus Population from 2008 to 2016 (Linear Regression)

Incidence of CF (Polynomial Regression

neidence

1500000
Net Population

Figure 6: Feature of Incidence versus Population from 2008 to 2016 (Polynomial Regression)

Figure 6 in comparison of using polynomial regression produces an accurate prediction of
incidence from 2008 to 2016 apart from an outlier at x = 4,422,600, y = 0.623 which is 0.199
or incidence of 9 diagnoses for 2009. However, the value for 2009 which was reported in the
Cystic Fibrosis Registry of Ireland Annual Report® for 2009 was misleading/inaccurate, hence
the outlier.
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Figure 7: Correlation Matrix of Incidence vs age groups ten to fourteen to thirty-four to thirty-nine

Figure 7 demonstrates some interesting correlations between incidence of CF. Again, as stated
earlier age 10 to 14 years has a high correlation of 0.87. Age groups less than 5, 15 to 19, and
30 to 34 show low correlations. In respect to age groups 5 to 9 a negative correlation of -0.50
is achieved. Age group 25 to 29 shows a strong correlation of 0.77.

33 https://cfri.ie/wp-content/uploads/2020/03/CFRI12009.pdf
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Figure 9: Net-Population versus Genotype from 2008 to 2016 (Excludes Net- Migration)

Correlation matrices figure 8 and 9 compares different frequencies of cystic fibrosis genotypes.
It shows slight variations for F508 Homo, F208, and other genotypes between net-population
(excluding net-migration) growth and population (including net-migration). This could be a
result of mixture of population migration of other ethnicities via genetic drift*. These
hypotheses will be explored in the discussion section.

4.4 Implementation, Evaluation and Results of Decision Tree Regression

Decision Tree Regression is based on numeric data given a real number outcome. Model was
executed using a split ratio of 0.80 i.e., 80% of train data and 20% of test data. Due to high
multicollinearity between feature variables which was identified in SPSS it was paramount that
the feature variables were chosen carefully, otherwise erroneous results would be the outcome.
The following predictors were used (Age Groups) individually (2, 3, 4, 5, 6, 7, 8, 9), genotypes
(53, 54, 55); population (59).

Implementation: Decision Tree was implemented using “rpart package”® from library in
RStudio. The regressor was assigned with the rpart function, which was applied to the training
set. The model was applied to age groups: less than 5; 5 to 9; 10 to 14; 15 to 19; 20 to 24; 25
to 29. Also, genotypes were applied to the target variable — incidence.

34 https://en.wikipedia.org/wiki/Genetic_drift

35 https://cran.r-project.org/web/packages/rpart/rpart.pdf
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Evaluation and Results:

The accuracy achieved by Decision Tree for each age group feature is as follows: less than
Five years of age, 88.30%; Five to Nine years of age, 89.83%; Ten to Fourteen years of age,
79.52%; Fifteen to Nineteen years of age, 79.96%; Twenty to Twenty Four years of age,
77.39%; Twenty Five to Twenty Nine, 100%; Thirty to Thirty Four, 100%; Thirty Five to
Thirty Nine, 89.83%; Forty to Forty Four, 87.96%; Forty Five to Forty Nine, 89.83%; Greater
than Fifty Years of age, 78.28%. Genotypes: F508 Homo, 88.8%; F508_Hetero, 100%; Other,
90.13%. Highest accuracy was achieved for the age groups Twenty-Five to Twenty-Nine,
Thirty to Thirty-Four, 100% respectively. Lowest accuracy was for age group Twenty to
Twenty-Four, 79.52%. For genotypes: F508 Homo 88.79% was achieved by including the
variable “Age”, 0.59% improvement on accuracy. By including “Year of Birth”, achieved an
accuracy of 90.33%, increasing the accuracy by 1.53%. F508_Hetero® achieved an accuracy
of 100%, such a high accuracy could be explained that the combined heterozygosity of PWCF
in Ireland according to the 2016 annual report of CF Registry of Ireland®” page 12, was 91.6%.
Other genotypes; 90.13%. This regressor performed well on identifying the most relevant
variables.

4.4 Implementation, Evaluation and Results of Random Forest

Random Forest is a collection of individual decision trees together. Model was executed using
a split ratio of 0.80 i.e., 80% of train data and 20% of test data. Due to high multicollinearity
between feature variables which was identified in SPSS it was paramount that the feature
variables were chosen carefully, otherwise erroneous results would be the outcome. The
following predictors were used (Age Groups) individually (2, 3, 4, 5, 6, 7, 8, 9); genotypes (53,
54, 55); population (59)

Implementation: Random Forest was implemented using “randomForest” library in RStudio.
The classifier was identified with the function randomForest, which was applied to the training
set. The model was applied to age groups using 100 trees: less than 5; 5 to 9; 10 to 14; 15 to
19; 20 to 24; 25 to 29. Also, genotype was applied to the target variable —incidence.
Evaluation and Results:

The accuracy achieved by Random Forest for each age group feature is as follows: less than
Five years of age, 88.30%; Five to Nine years of age, 89.83%; Ten to Fourteen years of age,
79.52%; Fifteen to Nineteen years of age, 79.96%; Twenty to Twenty Four years of age,
77.39%; Twenty Five to Twenty Nine, 100%; Thirty to Thirty Four, 100%; Thirty Five to
Thirty Nine, 89.83%; Forty to Forty Four, 87.96%; Forty Five to Forty Nine, 89.83%; Greater
than Fifty Years of age, 78.28%. Genotypes: F508 Homo, 88.8%; F508 Hetero, 100%; Other,
90.13%. Highest accuracy was achieved for the age groups Twenty-Five to Twenty-Nine,
Thirty to Thirty-Four, 100% respectively. Lowest accuracy was for age group Twenty to
Twenty-Four, 79.52%. For genotypes: F508 Homo 89.39% was achieved by including the
variable “Age”, 0.59% improvement on accuracy. By including “Year of Birth”, achieved an
accuracy of 90.33%, increasing the accuracy by 1.53%. F508_Hetero® achieved an accuracy
of 100%, such a high accuracy could be explained that the combined heterozygosity of PWCF
in Ireland according to the 2016 annual report of CF Registry of Ireland*® page 12, was 91.6%.
On balance this classifier performed well on identifying the most relevant variables.

37 https://cfri.ie/annual-reports/
38

https://www.google.com/search?q=heterozygous+f508+mutation&rlz=1C1JZAP_enlE7821E782&0q=F508+hetero&ags=chrome.1.
69i57j014.10326j0j8&sourceid=chrome&ie=UTF-8

39 https://cfri.iefannual-reports/
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4.5 Implementation, Evaluation and Results of KNN

KNN is a Euclidean based algorithm which uses the distances between feature variables of
nearest neighbours. Model was executed using a split ratio of 0.80 i.e., 80% of train data and
20% of test data. Due to high multicollinearity between feature variables which was identified
in SPSS it was paramount that the feature variables were chosen carefully, otherwise erroneous
results would be the outcome. The following predictors were used (Age Groups + Age/Year of
Birth) (2, 3, 4,5, 6, 7, 8, 9); genotypes (53, 54, 55).

Implementation: KNN was implemented using “class” from RStudio library. The classifier
was identified with the function KNN, which was applied to the training set. The model was
applied to age groups with year of birth (too many ties in KNN)*°: less than five years of age;
five to nine years of age; ten to fourteen years of age; fifteen to nineteen years of age; twenty
to twenty four years of age; twenty five to twenty nine years of age; thirty to thirty four years
of age; thirty five to thirty nine years of age; forty to forty four years of age; forty five to forty
nine years of age, and greater than fifty years of age. Also, genotype was applied to the target
variable — incidence. Due to the Euclidean nature of KNN feature scaling was applied to the
important variables. This technique will stop any one variable dominating another.
Evaluation and Results: The accuracy for each group was determined using the caret package
confusion matrix, as follows: less than five years of age + year of birth, 88.40%; Ten to fourteen
years of age + year of birth, 89.14%; fifteen to nineteen years of age + year of birth, 78.28%);
twenty to twenty four years of age + year of birth, 77.69%; Twenty Five to twenty nine years
of age + year of birth, 99.60%; Thirty to thirty four years of age + year of birth, 99.70%; thirty
five to thirty nine + year of birth, 88.99%; forty to forty four years of age + year of birth,
87.86%); forty five to forty nine years of age + year of birth, 89.93%; greater than fifty years of
age + year of birth, 79.37%. Highest accuracy was achieved for age groups twenty-five to
twenty-nine, thirty to thirty-four, 99.60% and 99.70% respectively. Lowest accuracy was for
age group twenty to twenty-four, 77.69%. For genotypes: F508 Homo 89.39% was achieved,
by including the variable “Age”, 89.39% accuracy. By including “Year of Birth”, achieved an
accuracy of 89.14%, a decrease in accuracy by 1.19% compared to random forest.
F508_Hetero*! achieved an accuracy with Age of 99.75%, and with year of birth 89.14%. Such
a high accuracy could be explained that the combined heterozygosity of PWCF in Ireland
according to the 2016 annual report of CF Registry of Ireland*? page 12, was 91.6%. For other
genotypes with year of birth and age achieved an accuracy of 89.29% and 89.38% respectively.

4.6 Implementation, Evaluation and Results of Naive Bayes

Naive Bayes is a classification machine learning algorithm based on Bayes Theorem of
conditional probabilities. The model was executed using a split ratio of 0.80 i.e., 80% of train
data and 20% of test data. Due to high multicollinearity between feature variables which was
identified in SPSS it was paramount that the feature variables were chosen carefully, otherwise
erroneous results would be the outcome. The following predictors were used (Age Groups +
Age/Year of Birth) (2, 3,4, 5, 6, 7, 8, 9); genotypes (53, 54, 55).

Implementation: Naive Bayes was executed using “e1071”*® from RStudio library. The
classifier was identified with NaiveBayes classifier which was applied to the training set. The

40 https://www.quora.com/What-is-the-meaning-of-the-error-message-too-many-ties-in-KNN-in-R

41
https://www.google.com/search?q=heterozygous+f508+mutation&rlz=1C1JZAP_enlE7821E782&0q=F508+hetero&ags=chrome.1.
69i57j014.10326j0j8&sourceid=chrome&ie=UTF-8

42 https://cfri.ie/annual-reports/

43 https://cran.r-project.org/web/packages/e107 1/index.html

17


https://www.quora.com/What-is-the-meaning-of-the-error-message-too-many-ties-in-KNN-in-R
https://www.google.com/search?q=heterozygous%2Bf508%2Bmutation&rlz=1C1JZAP_enIE782IE782&oq=F508%2Bhetero&aqs=chrome.1.69i57j0l4.10326j0j8&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=heterozygous%2Bf508%2Bmutation&rlz=1C1JZAP_enIE782IE782&oq=F508%2Bhetero&aqs=chrome.1.69i57j0l4.10326j0j8&sourceid=chrome&ie=UTF-8
https://cfri.ie/annual-reports/
https://cran.r-project.org/web/packages/e1071/index.html

model was applied to age groups: less than five years of age; five to nine years of age; ten to
fourteen years of age; fifteen to nineteen years of age; twenty to twenty four years of age;
twenty five to twenty nine years of age; thirty to thirty four years of age; thirty five to thirty
nine years of age; forty to forty four years of age; forty five to forty nine years of age, and
greater than fifty years of age. Also, genotype was applied to the target variable — incidence.
As Naive Bayes is not distance based, feature scaling has no effect on the algorithm.
Evaluation and Results: The accuracy for each group was determined using the RStudio
caret* package confusion matrix, as follows: less than five years of age, 88.30%; five to nine
years of age, 89.83%; Ten to fourteen years of age, 79.51%; fifteen to nineteen years of age,
79.96%; twenty to twenty four years of age, 79.96%; Twenty Five to twenty nine years of age,
100%; thirty to thirty four years of age, 100%; thirty five to thirty nine, 100%; forty to forty
four years of age, 87.96%; forty five to forty nine years of age, 89.68%; greater than fifty years
of age, 78.28%. Highest accuracy was achieved for age groups twenty-five to twenty-nine,
thirty to thirty-four, thirty-five to thirty-nine, 100% respectively. For genotypes: F508 _Homo
88.80% was achieved, by including the variable “Age”, 88.55% accuracy was achieved. By
including “Year of Birth”, achieved an accuracy of 90.03%, an increase in accuracy of 0.64%
compared to KNN. F508 Hetero® achieved an accuracy with Age of 100%, and with year of
birth 100%. Such a high accuracy could be explained that the combined heterozygosity of
PWCEF in Ireland according to the 2016 annual report of CF Registry of Ireland* page 12, was
91.6%. For other genotypes with year of birth and age achieved an accuracy of 89.88% and
90.42% respectively. On balance Naive Bayes performed better than previous models.

4.7 Implementation, Evaluation and Results of SVM

SVM (Support Vector Machine) is a supervised classification model using classification
algorithms for two group classification problems and regression problems. The model was
executed using a split ratio of 0.80 i.e., 80% of train data and 20% of test data. Due to high
multicollinearity between feature variables which was identified in SPSS it was paramount that
the feature variables were chosen carefully, otherwise erroneous results would be the outcome.
The following predictors were used (Age Groups), (2, 3, 4, 5, 6, 7, 8, 9); genotypes (53, 54,
55).

Implementation: SVM was executed using the “e1071” package from the RStudio library.
The classifier was applied by a “SVM?” classifier on the training set with a linear kernel. The
model was applied to age groups: less than five years of age; five to nine years of age; ten to
fourteen years of age; fifteen to nineteen years of age; twenty to twenty four years of age;
twenty five to twenty nine years of age; thirty to thirty four years of age; thirty five to thirty
nine years of age; forty to forty four years of age; forty five to forty nine years of age, and
greater than fifty years of age. Also, genotype was applied to the target variable — incidence.
Evaluation and Results: The accuracy for each group was determined using a confusion
matrix, as follows: less than five years of age, 88.31%; five to nine years of age, 89.83%; Ten
to fourteen years of age, 79.51%; fifteen to nineteen years of age, 79.96%; twenty to twenty
four years of age, 77.39%; Twenty Five to twenty nine years of age, 100%; Thirty to thirty four
years of age, 100%; thirty five to thirty nine, 89.89%; forty to forty four years ofage, 87.95%;
forty five to forty nine years of age, 89.68%; greater than fifty years of age, 78.30%. Highest
accuracy was achieved for age groups twenty-five to twenty-nine, thirty to thirty-four years of

44 http://topepo.github.io/caret/index.html
45

https://www.google.com/search?q=heterozygous+f508+mutation&rlz=1C1JZAP_enlE7821E782&0q=F508+hetero&ags=chrome.1.
69i57j014.10326j0j8&sourceid=chrome&ie=UTF-8
4 https://cfri.ie/annual-reports/
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age, 100% respectively. For genotypes: F508 Homo 88.78% was achieved, by including the
variable “Year of Birth”, 88.55% accuracy was achieved; F508 Hetero, 100% was achieved;
Other, 79.96%, by including the variable, “Year of Birth”, 84.57% was achieved. The SVM
model achieved high accuracy on all the categories explored. Highest accuracy in age groups,
was twenty-five to twenty-nine, thirty to thirty-four, 100% respectively; lowest accuracy,
twenty to twenty-four, 77.39%.

4.8 Implementation, Evaluation and Results of kernel SVM

Kernel SVM (Support Vector Machine) is a supervised classification model using
classification algorithms, and the “kernel trick”*’ for non-linear classification problems and
regression problems. The model was executed using a split ratio of 0.80 i.e., 80% of train data
and 20% of test data. Due to high multicollinearity between feature variables which was
identified in SPSS it was paramount that the feature variables were chosen carefully, otherwise
erroneous results would be the outcome. The following predictors were used (Age Groups), (2,
3,4,5,6,7,8,9); genotypes (53, 54, 55).

Implementation: SVM was executed using the “e1071” package from the RStudio library.
The classifier was applied by a “SVM?” classifier on the training set with a radial kernel. The
model was applied to age groups: less than five years of age; five to nine years of age; ten to
fourteen years of age; fifteen to nineteen years of age; twenty to twenty four years of age;
twenty five to twenty nine years of age; thirty to thirty four years of age; thirty five to thirty
nine years of age; forty to forty four years of age; forty five to forty nine years of age, and
greater than fifty years of age. Also, genotype was applied to the target variable — incidence.
Evaluation and Results: The accuracy for each group was determined using a confusion
matrix, as follows: less than five years of age, 88.31%; five to nine years of age, 89.73%; Ten
to fourteen years of age, 79.50%; fifteen to nineteen years of age, 79.98%; twenty to twenty
four years of age, 77.37%; Twenty Five to twenty nine years of age, 100%; Thirty to thirty four
years of age, 100%; thirty five to thirty nine, 89.89%; forty to forty four years of age, 87.95%;
forty five to forty nine years of age, 89.65%; greater than fifty years of age, 78.24%. Highest
accuracy was achieved for age groups twenty-five to twenty-nine, thirty to thirty-four years of
age, 100% respectively. For genotypes: F508 Homo 88.78% was achieved, by including the
variable “Year of Birth”, 88.55% accuracy was achieved; F508 Hetero, 100% was achieved;
Other, 90.13%, by including the variable, “Year of Birth”, 81.20% was achieved. The kernel
SVM model achieved high accuracy on all the categories explored. Highest accuracy in age
groups, was twenty-five to twenty-nine, thirty to thirty-four, 100% respectively; lowest
accuracy, twenty to twenty-four, 77.37%.

Conclusion: all the objectives (chapter 1, sub-section 1.3) have been implemented and the
results presented here have solved the research question, sub-RQ1 and sub-RQ2.

4.9 Accuracy of All Models Implemented

Figure 10 illustrates the accuracy of all the models used on the features chosen (age groups
and genotypes) by inspection KNN appears to out-perform all other models.
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Figure 10: Accuracy of Models for Age Groups and Genotypes vs Incidence of Cystic Fibrosis
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Figure 11: Average accuracy of Models for Age Groups & Genotypes vs Cystic Fibrosis Incidence

Figure 11 concludes that KNN out-performs all other models based on average accuracy for
all'the chosen features.

5 Discussion
5.1 Limitations

Due to the extreme difficulty in sourcing a dataset in Ireland it was decided to scrape data from
Cystic Fibrosis Registry of Ireland annual reports from 2008 to 2016. Some of the variables
such as ethnicity had to be randomised due to missing ethnicity variables from some of the
reports.

5.2 Outcomes

All the models implemented on the features chosen, appear to show a bearing on incidence of
cystic fibrosis. By inspecting figure 6, polynomial regression of the increase in population
versus the numbers of incidences of CF from 2008 to 2016 the prediction line follows the
datapoints of incidence apart from an outlier for year 2009 (which is explainable by data not
updated for that year). However, this does not prove that population increase has an influence
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on the research question by itself. By further analysis on age groups, and genotypes showed
there was some correlations with incidence. By inspecting figure 7 age group, 10 to 14, showed
a high correlation of 0.87, whereas other age groups, such as: less than 5; 5to 9; 15 to 19; 20
to 24; 25 to 29; 30 to 34; 40 to 44; 45 to 49: 0.23, -.50, -0.26, -0.6, 0.77, -.05, 0.11, and 0.08
respectively.

This result shows that there is a pattern between the “ebb and flow” of the population not only
from the time ten countries annexed to the European Union (2004), but farther back in time
during recessions in the late eighties and seventies when there was a constant flow of
emigration out of Ireland to locate work. Similarly, during the time, ten countries annexed to
the European Union there was a large influx of people from these countries, especially Poland,
which according to the 2016 census Polish people represent 2.57% - 122,515 of the 2016
population in Ireland. Out of all the nationalities that have emigrated to Ireland from 2004 to
2016, people of polish descent are probably more amenable to assimilation due to their
common religion (86% stated in the 2016 census as Roman Catholic) although only 4% said
they had an Irish partner. Notwithstanding, the prevalence in Poland of cystic fibrosis is only

1.90 per 100,000 as opposed to 26.96 per 100,000 in Ireland — however, if we exclude Non-
Irish from the population this prevalence increases to 32.45 per 100,000 of population, so
consanguinity (denoting people from the same ancestor) intermingling of populations should
in theory be instrumental to incidence/prevalence of any genetic disease. There is also evidence
that new-born screening is influential for parents deciding to risk having another child with a
genetic disease (Joseph, G et.al, 2016).

6 Conclusion and Future Work

The research undertaken did produce some patterns/correlations especially in relation to age
groups whereby these groups did show patterns with net-migration over the period inquestion
2004 to 2016 and over the last fifty years. There were also some patterns in relation to
genotypes via excluding net-migration and including net-migration to the models. Although,
minimal changes especially to other genotypes — including net-migration -0.81 r-correlation as
opposed to excluding net-population -0.84 r-correlation.

Limitations: Some of the variables, such as: ethnicity, age, were randomised due to
inaccessibility to data or missing data. There was a high multicollinearity between 41 variables
according to SPSS which were excluded.

Future Work: The research on whether net-migration influences CF incidence can be
enhanced/improved on by inputting more variables that may have an influence on the research
question or not. These, extra variables were not available to me due to privacy concerns. It is a
fact that some of the CF registries in Europe measure over 200 variables that if modelled
appropriately could have the potential of forecasting future incidence of CF not only in Ireland,

but any of the European countries. _ ]
Conclusion: Objective 4 was not fully achieved as there was no research solely dedicated to
the solution of RQ1 or other countries which experience high levels of Net-Migration.
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Project Specification: Real life solution. Objectives have been clearly specified and are creative and
appropriate. Objectives have been fully achieved or surpassed

Literature Review: Critical application and critique of relevant theory and concepts. Evidence of breadth and
depth of literature reviewed. Recommend removing full stops in sub-sections e.g sub-section 2.3

Artefact/Product Development: Alternative methodologies have been fully considered and the chosen
methodology fully justified. The application has been rigorously carried out.

Evaluation: Project have commercialization or further research potential based on outputted results which
enhance Cystic Fibrosis research field in Ireland. Rigorous and creative analysis of findings. Demonstrated the
ability to synthesise data collected and relevant theory. Insightful conclusions which appreciate limitations
and implications of the study.

Configuration manual, document presentation/structure, and referencing: Excellent description and
structure to reproduce environments. Excellent presentation and structure with rigorous referencing. Correct
grammar and spelling.

Viva: Excellent viva video presentation. Brilliant response to questions asked.
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errors, all tables and figures are referenced in paragraphs they appear and all references and correct; and
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