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Abstract

The healthcare industry produces and collects more data than ever. As the amount
of data increases, the quality of data becomes a major issue. Health data provides
valuable benefits for healthcare systems, and it can be utilised to improve health
outcomes for all society. However, this data is only useful when it is of sufficient
quality for its purpose of use. The aim of this thesis is to evaluate data quality in
Finland’s extensive health data network with a particular focus on data quality in
the Finnish Cancer Registry (FCR).

This thesis is a register-based study assessing completeness and accuracy of data
in the FCR in 2015 — 2019 for lung cancer and multiple myeloma. Completeness is
assessed using the independent case ascertainment method with comparison of FCR
data to other independent health data sources. Accuracy is measured by calculating
the proportion of morphologically verified cases (MV%), cases registered with
death certificate only (DCO%) and missing information on cancer stage.

Completeness for lung cancer was 94.8% and for multiple myeloma 71.1%.
Completeness was lower than expected based on earlier studies, which was mainly
explained by the inclusion of more data sources in this study to identify missing
cases. The inclusion of outpatient primary health care data, which has not been used
in earlier studies, specifically impacted the results of this study. The results suggest
that prior estimations on the completeness of data in the FCR are likely to have been
too high. Decreasing number of clinical cancer notifications completed by
healthcare professionals is also likely to affect completeness of data in the FCR,
especially for multiple myeloma. Lower level of completeness for multiple mye-
loma compared to lung cancer confirms that problems with registration of haemato-
logical malignancies identified in many prior studies still exist. MV% was 82.6%
for lung cancer and 71.8% for multiple myeloma, which is close to the expected
level of accuracy in the FCR. DCO%, which was 2.5% for lung cancer and 1.6% for
multiple myeloma, showed slight improvement of accuracy.

Keywords data quality, health data, completeness, accuracy, cancer registration,
Finnish Cancer Registry, register-based study
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Tiivistelma

Terveysala tuottaa ja hyddyntdd enemmaén dataa kuin koskaan ennen. Samalla
kun datan miérd kasvaa, my0ds datan laadun merkitys korostuu. Terveysdatan hyo-
dyntdminen tarjoaa merkittdvid mahdollisuuksia terveydenhuoltojirjestelmélle ja
thmisten hyvinvoinnin edistdmiselle. Data on kuitenkin hy6dyllistd ainoastaan sil-
loin, kun sen laatu vastaa sen kdyttotarkoituksen asettamia vaatimuksia. Tdmén dip-
lomity6n tavoitteena on arvioida datan laatua suomalaisessa terveysdataverkostossa
keskittyen erityisesti datan laatuun Suomen Syopérekisterissa.

Taméd diplomityd on rekisteripohjainen tutkimus, jossa tutkitaan datan katta-
vuutta ja tarkkuutta Suomen SyOpérekisterissd keuhkosyovén ja myelooman osalta
vuosina 2015-2019. Kattavuusarvio perustuu rekisterdityjen syOpitapausten ja
muista terveysdataldhteistd tunnistettujen sydpétapausten vertailuun, mink4 kautta
arvioitiin Syoparekisteristd puuttuvien tapausten méiérd. Datan tarkkuutta arvioitiin
laskemalla solu- tai kudosnéytteestd varmennettujen syopatapausten osuus (MV%),
ainoastaan kuolintodistukseen perustuvien tapausten osuus (DCO%) seké niiden ta-
pausten osuus, joissa levinneisyystieto puuttuu.

Keuhkosyovén kattavuus oli 94.8 % ja myelooman 71.1 %. Kattavuus oli mata-
lampi kuin aiemmissa tutkimuksissa, miké selittyy pddasiassa silld, ettd aiempaa
useampia dataldhteitd kdytettiin puuttuvien syOpdtapausten tunnistamiseen. Erityi-
sesti perusterveydenhuollon avohoidon datan hyddyntdminen, jota ei ole kaytetty
alemmissa tutkimuksissa, ndyttdisi vaikuttavan merkittdvasti kattavuusarvioon. Tu-
losten perusteella vaikuttaa siltd, ettd aiemmat kattavuusarviot ovat olleet liian kor-
keita. Kliinisten sydpéilmoitusten viheneminen niyttdd myos vaikuttavan kattavuu-
den madaltumiseen erityisesti myelooman kohdalla. Myelooman matalampi katta-
vuus verrattuna keuhkosydpéén on linjassa aiempien tutkimusten kanssa ja osoittaa,
ettd hematologisten sydpien rekisterdinnissi on yhd puutteita. Keuhkosyovan MV%
oli 82.6 % ja myelooman 71.8 %, jotka vastasivat aiempia tarkkuusarvioita. Keuh-
kosyovin DCO% oli 2.5 % ja myelooman 1.6 %, jotka osoittavat datan tarkkuuden
parantuneen hieman.

Avainsanat datan laatu, terveysdata, kattavuus, tarkkuus, Suomen Syopérekisteri,
rekisteritutkimus
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1 Introduction

The amount of data generated globally is accumulating at a fast rate. This accumu-
lated information provides significant opportunities to different industries and re-
search to derive insights from the data, turn the data into value and create a positive
impact on the organisation. However, extracting value from data is more challenging
than ever due to increasing amount of data available today with unknown levels of
data quality (Batini et al. 2009). Data is only useful when it is of sufficient quality
for its purpose of use and consequences of poor data quality can be large (Wang et
al. 2006). Data of bad quality cannot be efficiently utilised and can lead to serious
mistakes and financial losses (Blake & Mangiameli 2011). Data quality is a precon-
dition for generating value or drawing conclusions from data and therefore, data

quality assessment is essential for making informed decisions based on data.

Like other industries, the healthcare industry collects and produces more data than
ever. Health data, which is a term used to describe all data related to the physical or
mental health of a person (General Data Protection Regulation 2016/679), provides
valuable benefits for healthcare systems. Health data can be used to improve
healthcare systems through the ability diagnose diseases earlier, enable healthcare
professionals to understand patients’ conditions better, and to provide more accurate
treatment and helping governments make reliable decisions on investments in
healthcare (Boyd et al. 2021). This creates vast potential for utilising this data to

improve health outcomes for all society.

This thesis focuses on cancer data as a specific type of health data. Cancer incidence
rates are rapidly growing globally, and cancer is a major global health concern and
a leading cause of mortality and morbidity (Bray et al. 2015). In 2020, an estimated
19.3 million new cancer cases were diagnosed, and 10 million cancer deaths occurred
globally (Sung et al. 2021). Cancer data often resides in cancer registries, which are
information systems collecting data on cancer patients. Their most important task is
in cancer surveillance, which means that they continually and systematically collect

and analyse data on cancer incidence, prevalence, treatment, survival, and cancer



deaths to provide valuable information on the cancer burden and trends over time
(National Cancer Institute n.d.). This surveillance data is also crucial for cancer re-
search and statistics as well as national cancer control programmes, which aim to
reduce the number of cancer cases and cancer deaths and improve the quality of life
for those who develop cancer. However, the ability of a cancer registry to carry out
these activities relies heavily on the quality of its data (Bray & Parkin 2009). Good
quality of data ensures that observations made based on the data are meaningful,
whereas poor quality of data creates bias to cancer incidence and survival estimates

(Jokela et al. 2019).

The aim of this thesis is to evaluate health data quality in Finland’s health data net-
work with a particular focus on data quality in the Finnish Cancer Registry (FCR).
Data quality in the FCR is assessed for two cancer types: lung cancer and multiple
myeloma. The aim is to study how data quality is assessed in the context of cancer
registries and to present relevant metrics to measure data quality. After evaluating
the most suitable data quality metrics for this study and conducting a literature re-
view on cancer registry data quality assessment studies, I conclude that completeness
and accuracy are the most relevant data quality metrics for the study. Based on these
findings, my research questions are: “What is the level of completeness in the
Finnish Cancer Registry for selected cancer types?” and “What is the level of

accuracy in the Finnish Cancer Registry for selected cancer types?”.

Data completeness is studied with a method called independent case ascertainment
method, which is a commonly used method in cancer registry data quality assessment
studies. This method involves comparing the cancer registry data with one or more
independent data sources to assess the number of cases missed by the cancer registry.
The independent data sources used for data comparison are the Care Register for
Health Care (Hilmo), Register of Primary Health Care Visits (Avohilmo), medical
records from three university hospital catchment areas, Helsinki, Turku and Kuopio,
and data on sickness allowance and medical reimbursements by the Social Insurance

Institution of Finland (Kela). For data accuracy, this study assesses the proportion of



morphologically verified cases (MV%), proportion of cases registered with death
certificate only (DCO%) and missing information analysis. These are typical metrics
used to measure accuracy in cancer registries, thus allowing comparison to prior

studies. Data during 2015 — 2019 is analysed.

According to Teppo et al. (1994), regularly performed systematic quality control
measures to ensure high levels of data quality should be a routine practice in a cancer
registry. The aim of this thesis is to contribute to the regular assessment of data qual-
ity in the FCR to review changes to the level of data quality and to identify potential
data quality problems in the registry. Regular assessment of data quality is typical in
data quality research. According to Ehsani-Moghaddam et al. (2021), high levels of
data quality should not be expected to last forever, but instead the quality should be
regularly reassessed in an iterative manner to ensure that high levels of data quality
are sustained. According to Bray and Parkin (2009), the data quality in a cancer reg-
istry typically improves through wide utilisation of registry data and active interest
by research. If registry data is widely used, it is more likely that quality problems are
identified.

In the following chapter I introduce the background of the study. Chapter 2 reviews
the landscape of data quality research and introduces the most critical data quality
dimensions: completeness, accuracy, consistency, and timeliness. Data quality is
typically conceptualised in these dimensions, which refer to metrics used to evaluate
the level of data quality. Chapter 2 also introduces the globally exceptional Finnish
health data network and discusses health data and a specific type of health data: can-
cer registry data. Finally, chapter 2 reviews prior research related to the data quality
in the FCR and takes a closer look at data quality research in other Nordic cancer

registries, which are comparable to the FCR.

Chapter 3 introduces the research design of this study. This chapter explains the main
aspects of register-based research and introduces the most important data quality di-

mensions for this study. This chapter justifies the demarcation of cancer types and



study period for this study and discusses the methods used to evaluate data complete-

ness and accuracy.

Chapter 4 presents the results of the data quality assessment and chapter 5 discusses
them in the context of prior studies on the data quality in the FCR and other Nordic
cancer registries. The absolute values of data quality measures are typically not in
the centre of data quality assessment due to their sensitivity to local circumstances,
but meaningful interpretations can be made of the results when they are compared to
what research has shown as an expected value in the given circumstances. Chapter 5
also evaluates the strengths and weaknesses of the methodology, methods and data
sources used in this study and makes suggestions on how this topic can be studied

further. Finally, the results are concluded in chapter 6.



2 Background

As the amount of data generated globally increases, the quality of data becomes a
major issue. The increasing amount of data creates opportunities, but data cannot be
utilised efficiently unless it is of sufficient quality for its purpose (Wang & Strong
1996). This chapter introduces data quality through different frameworks and dimen-
sions, which have been created in research to conceptualise data quality while also
discussing the importance of data quality and the consequences resulting from utilis-
ing data which quality is not sufficient for its purpose. Like all industries, the
healthcare industry collects and produces data at a fast speed, exposing more health
data than ever. In this study, health data quality is studied through a specific type of
health data: health data related to cancer. This chapter introduces cancer registries,
where cancer data typically resides, and prior research related to data quality assess-

ment in cancer registries.

2.1 Data quality

The amount of data generated globally is accumulating at a fast rate. Rapidly increas-
ing creation and consumption of data attracts the attention of different industries,
academics, and government, who seek to derive value and insights from data (Cai &
Zhu 2015). However, increasing amount of data available today with unknown levels
of quality makes it challenging for organisations to make use of data relevant to them
(Batini et al. 2009). Most databases and data warehouses contain errors, and these
errors have an impact on the quality of decisions made based on the data (Parssian
2006). Therefore, assessing data quality is essential for making informed decisions

based on the data.

“Fitness for use” is a commonly accepted definition for data quality in data quality
research. The definition was first suggested by Wang and Strong (1996). By defining
data quality as fitness for use, they put a strong emphasis on the users of data by
proposing that the judgement of data quality depends on data consumers. The aim of

their research was to develop a hierarchical framework for organising different data



quality dimensions. Wang and Strong (1996) defined data quality dimension as “a
set of data quality attributes that represent a single aspect or construct of data qual-
ity”. The essential feature in their framework was that data quality attributes were
collected from the view of data consumers rather than being defined theoretically. In
their framework they identified fifteen data quality dimensions and four information

categories, which are listed in Figure 1.

Data quality
I
[ I I ]

Intrinsic Contextual Representational Accessibility
Believability Value-added Interpretability L Accessibility
Accuracy Relevancy Ease of understanding Access security
Oblecm_’lty Timeliness Representational consistency
Reputation Completeness Concise representation

Appropriate amount of data

Figure 1: A conceptual framework of data quality (Wang & Strong 1996).

The information categories of Wang and Strong’s model are intrinsic data quality,
contextual data quality, representational data quality and accessibility. Intrinsic data
quality means that values should be close to their true values. Contextual data quality
refers to the importance of considering data quality within a specific context. Repre-
sentational data quality deals with clear representation of data and accessibility with
data being easy to access by data consumers. These fifteen data quality dimensions
identified in their 1996 study are still widely referred to in data quality literature and
according to Blake and Mangiameli (2011), Wang and Strong’s framework is still

the most widely accepted data quality framework there is.

Research has shown that data quality is a multi-dimensional concept, which includes

both subjective and objective sides (Pipino et al. 2002). Kahn et al. (2002) developed



Wang and Strong’s data quality framework by dividing it into subjective and objec-
tive sides in their Product Service Performance Information Quality (PSP/IQ) model
(Table 1). The subjective side of the model is described by a category called meets
or exceeds consumer expectations and the objective side by a category called con-
forms to specifications. The subjective side of their model deals with individuals who
are involved with the data; the data quality is good when the needs and experiences
of its stakeholders are regarded. Poor quality of data in a subjective sense can show,
for instance, in difficulties in utilising data for the stakeholder’s business purposes.
Objective side of data quality in Kahn et al. (2002) model refers to standard metrics
that can be applied to any dataset regardless of the context. Data producers and those
who maintain data often favour objective data quality as it can be directly defined
and measured (Kahn et al. 2002). High objective data quality ensures that data is free
of deficiencies that can interfere with their use. Subjective side is often preferred by
e.g., marketing professionals and service designers (Kahn et al. 2002). The priority
of the subjective side is that the data meets or exceeds the expectations of the users.
Subjective data quality also expects that the data is useful and adds value to data

consumers.

The PSP/IQ model also categorises data quality in product quality and service quality
(Kahn et al. 2002). These aspects describe how well organisations develop data prod-
ucts and deliver information services to data users. Product quality focuses on tangi-
ble measures and is based on the idea that data quality should be treated as a product
and data quality should be examined the same way as product quality is tested. As
an example, Kahn et al. describe that data production process could be thought of as
a manufacturing process so that data stored in a database is the end-product of the
process. Service quality in the PSP/IQ model focuses on addressing the intangible
measures of added value to data consumers and service delivery process. It focuses
on what happens after data is stored in databases: using and obtaining information.
It is based on the idea that transforming data into information has the typical charac-

teristics of a service, as it usually includes personal interaction between data



producers and users. Aspects that are crucial to data users can be overlooked if data

provider fails to consider information as a service.

Table 1: The PSP/IQ model (Kahn et al. 2002).

Conforms to specifications Meets or exceeds consumer expectations
Sound information Useful information
= Free-of-error =  Appropriate amount
= Concise representation = Relevancy
Product quality =  Completeness =  Understandability
= Consistent representation = Interpretability
= Objectivity
Dependable information Usable information
= Timeliness = Believability
=  Security = Accessibility

Service quality *  Ease of manipulation

= Reputation
= Value-added

Data quality framework in the Finnish context has been introduced by Statistics Fin-
land. The framework was developed in a joint project between government registry
authorities in 2020 — 2022. Whereas typical data quality frameworks tend to focus
on data quality in business, the Statistics Finland data quality framework is targeted
at government agencies and registry authorities responsible for public data resources
(Statistics Finland 2021). This framework is especially interesting in terms of this
study, as public health data sources are utilised for data quality assessment. The aim
of the framework was to provide a tool to evaluate and describe the quality of public
data in a uniform manner. The project focused on creating widely shared rules and
criteria as well as a commonly shared terminology for data quality assessment in the
Finnish context and for the use of public data resources. The target was that the
framework contributes towards producing more easily utilisable and higher-quality

data.



The framework is based on three categories that are characterised by three descrip-
tions of the quality of data: how well does information describe reality, how has the
information been described and how the information can be used (Statistics Finland
2021). Data quality dimensions in the first category focus on describing the dataset:
what information is available and how correctly this data describes reality. Data qual-
ity dimensions in the second category emphasise the importance of data lifecycle and
information descriptions. Well-described dataset makes utilisation of the data easy
and reduces misinterpretations. The last category refers to quality criteria that explain
how, when and in what form the data is available to the data consumer. Data quality

dimensions belonging in each category are described in Table 2.

Table 2: Data quality framework (Statistics Finland 2021)

How well does information How has the information How can I use
describe reality? been described? information?
e Correctness o e
e Accurac e Traceability e Portability
Y e Understandability of metadata e User rights
o Completeness . .
. e Compliance e Punctuality
e Consistency
e Currentness

Data’s ability to describe reality is an intrinsic part of data quality and tends to be
similar regardless of the framework. Data traceability, understandability of metadata
and portability are dimensions emphasised specifically in the Statistics Finland
framework. Traceability refers to the ability to easily follow the data back to its orig-
inal source and to trace every transformation to the data (Statistics Finland 2021).
Understandability of metadata refers to the completeness of metadata information,
which helps to understand the data and how to use it. Portability refers to how easy
it is to process the data and that processing is also possible in different information

systems.



2.1.1 Importance of data quality

Data quality is a precondition for generating value or drawing conclusions from data
(Cai & Zhu 2015). Importance of data quality is widely recognised, and over the past
few decades organisations and businesses have become increasingly aware of the
quality of data (Xiao et al. 2014). Importance of data quality is often discussed in the
context of business and organisational impact (for instance Redman 1998; Pipino et
al. 2002; Batini & Scannapieco 2016). Organisations can use high quality data to
derive value from it and to create a positive impact on the organisation. Data can be
used to formulate strategies, improve decision-making, reduce costs, operate more
efficiently, and predict risks (Cai & Zhu 2015; Batini et al. 2009). However, data is
only valuable if it is accurate and of good quality. If data fails to meet quality stand-
ards, it can have significant negative impact on the organisation, which shows in
difficulties with utilising data for business purposes e.g., decision-making errors,
customer dissatisfaction and increased operational costs (Redman 1998). Data’s
value to organisations and businesses lies in good quality data being the key to mak-
ing accurate, informed decisions. If data quality is not seriously evaluated and im-

proved, many crucial corporate initiatives are at a risk of failure (Wang et al. 2006).

Why businesses and organisations should be motivated to maintain an adequate level
of data quality is that the quality of data decreases fasted than ever. In the past dec-
ades information systems have adopted a network-based structure instead of a hier-
archical/monolithic structure, which has led to organisations being able to use more
data sources for their business purposes (Batini & Scannapieco 2016). This net-
worked environment involves more complex information exchanges and using ex-
ternal data sources. As a consequence, the quality of data flowing between infor-
mation systems degrades over time if there are no quality control procedures. This

increases the need to solve data quality problems.

Importance of data quality can also be discussed through its crucial role as an eco-
nomic resource. The economic value of data is based on its strong impact on the

efficiency and effectiveness of organisations and businesses (Batini & Scannapieco

10



2016). According to Batini and Scannapieco (2016) the economic value of open data
is estimated from 3 to 5 trillion dollars per year. They also write that one of the
biggest barriers to utilising this open data is the low quality of the available data.
Data that fails to meet the required quality standards can have significant economic
impacts on businesses and lead to major financial losses (Blake & Mangiameli
2011). For example, Batini and Scannapieco (2016) estimate that data quality prob-

lems cost more than $600 million annually to US businesses alone.

Possibilities related to utilising data have created an opportunistic attitude towards
data, but this can make organisations and businesses overlook the importance of data
quality in their data projects (Nagle et al. 2020). Thus, there is a strong possibility
that these projects are based on bad quality data and inferences made based on it are
meaningless. In addition to this, businesses often allocate large investments to these
data projects, which makes the economic impact even larger. This bad data is incon-

sequential at best, but in its worse, it can lead to costly mistakes.

2.1.2 Data quality dimensions

Data quality is often conceptualised in terms of data quality dimensions. Data quality
dimensions are a tool for evaluating and describing the quality of data. Data quality
assessment requires selecting a set of data quality dimensions specific to its needs
and “one size fits all” set of dimensions is often not a good solution (Pipino et al.
2002). Data quality dimensions are typically intended as a flexible tool for data qual-
ity assessment; all dimensions are not relevant or feasible in all situations (Statistics
Finland 2021). In data quality research several frameworks have been proposed to
characterise these dimensions and each framework typically vary in the amount and
description of these dimensions. However, four of these dimensions are generally
accepted as the most important data quality metrics, namely accuracy, completeness,

consistency, and timeliness (Blake & Mangiameli 2011).

All four most critical data quality dimensions fall within the objective side of Kahn

etal.’s (2002) PSP/IQ framework. This means that they can be measured by objective

11



standards and are not based on data consumers’ expectations. On the product quality
and service quality dimension of the PSP/IQ model, accuracy, completeness, and
consistency fall within product quality and timeliness within service quality. Accu-
racy, completeness, and consistency are measures of how good the data product is,
and timeliness is a measure of the data delivery process. Whereas accuracy, com-
pleteness, and consistency are objective dimensions, where quality is easier to quan-
tify and measure, timeliness cannot be measured directly from the data but only after

the data is delivered (Blake & Mangiameli 2011).

Accuracy is commonly considered to mean correct and unambiguous correspond-
ence with the real world and calculated as the rate of instances with correct attribute
values (Blake & Mangiameli 2011). A wide range of definitions exist on what accu-
racy means but they all revolve around the same idea as represented by Blake and
Mangiameli — the conformity between the recorded value and the actual real-world
value. The main characteristic of accurate data is that it is precise and free of errors.
Completeness describes the extent to which all data values are recorded and is meas-
ured as the ratio between missing values to the total number of values (Blake &
Mangiameli 2011). Incompleteness of data is often caused by missing or unknown
values or values that are yet to be entered into the database. Consistency refers to
uniformity - that the representation of a data value is the same in all cases (Blake &
Mangiameli 2011). The data must remain uniform even when it is kept in several
different locations and even when it moves across networks and applications. Time-
liness describes the length of time between when the change happens in real world
and when the change is recorded in the information system (Blake & Mangiameli
2011). Timeliness is often defined in three reference points; first one occurs when
the change happens in real world, the seconds one when the data is entered into an

information system and the third one when data is used (Blake & Mangiameli 2011).
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2.2 Health data

Every interaction with healthcare entities by healthcare consumer, such as visiting a
hospital, receiving operations and treatments, or getting a prescription for medication
generates data on health. The General Data Protection Regulation (2016/679) defines
health data as any data “related to the physical or mental health of a natural person,
including the provision of health care services, which reveal information about his
or her health status”. The healthcare industry collects and produces data at a fast
speed, exposing more health data than ever. This data can be used to improve
healthcare systems through the ability diagnose diseases earlier, enabling healthcare
professionals make more confident decisions and helping governments make deci-
sions on investments in healthcare and health systems (Boyd et al. 2021). This cre-

ates vast potential for utilising these data to improve health outcomes for all society.

Like businesses and organisations, healthcare systems gain valuable benefits from
utilising data. Utilisation of health data can contribute to making healthcare systems
more efficient, for which there is an urgent need due to ageing populations, increase
in chronic diseases and health impacts of climate change (Boyd et al. 2021). Boyd et
al. (2021) divide the benefits of utilising health data into four main categories: opti-
mising health systems, improving patient journey, encouraging patient participation,
and enabling innovation. Benefits of optimising healthcare systems are that
healthcare costs can be reduced, and resources can be allocated more efficiently. Re-
sources can also be better allocated to reduce disparities in health. Improving patient
journey means that the patients receive more personalised care. They can access
healthcare services easily and receive care through digital tools, if necessary. Patient
journey is also improved by early, personalised diagnosis of disease. Encouraging
patients’ participation means involving patients in their care and supporting them to
manage their own health and wellbeing. Health data is beneficial as real-world evi-
dence can be used to discuss and demonstrate health issues to patients and to support
self-management of chronic illnesses. Health data can also be used to advance pre-

ventative care of different illnesses. Finally, health data provides many opportunities
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for science and innovation. Health data is used for research, advancing development

of medicine, predictive modelling of illnesses and creating new health technologies.

Health data can also be used to react to urgent health challenges facing the society,
such as the global COVID-19 pandemic. Health data played an important role during
the pandemic by strengthening cross-border cooperation and generating early-warn-
ing systems (Boyd et al. 2021). Health data was also important for collaboration be-
tween governments and healthcare systems during the pandemic to make effective

decisions on population health management.

Primary use of health data means using data collected of patients to deliver healthcare
and to make decisions about the care of the patient. Secondary use of health data
means reusing the data created in the process of delivering healthcare. Secondary use
of health data is defined by Boyd et al. (2021) as “the use of aggregated health data
from population -level sources, including electronic health records, wearable tech-
nologies, health-insurance claims data, health registry data (or burden of disease reg-
istries), clinical trials and other research, and drug consumption to improve personal
care planning, medicines development, safety monitoring, research, and policymak-
ing”. Secondary use of health data increases the value of health data as it can be
reused to improve people’s health outcomes, create more effective healthcare sys-

tems, and to encourage innovation (Boyd et al. 2021).

There are many possibilities to utilising secondary health data. As an example, Hoss-
ain et al. (2021) mention disease risk prevention, chronic illness surveillance and
comparing drug outcomes and disease prevalence. According to them, there are
many highly prevalent and serious diseases that are typically diagnosed at a later
stage in their progression. Prediction models based on health data can help diagnose
these diseases at an earlier stage and treatment can be started faster, which often
changes the course of the disease. Secondary health data can also be used to enhance
healthcare systems. They can be used to analyse healthcare utilisation, measure hos-

pital performance and studying cost of care (Hossain et al. 2021). Secondary health

14



data can be used to analyse inefficiencies and waste in healthcare systems and there-

fore reduce healthcare expenditures (McGinnis et al. 2011).

Privacy issues related to sensitive health data have raised concerns, which adds ad-
ditional challenges to utilising health data (McGinnis et al. 2011). There are numer-
ous regulations and policies that surround the use of health data. Their aim is to pro-
tect the privacy of patients while also making health data available for research
(Boyd et al. 2021). These regulations are critical for ensuring patient privacy and

protect against misuse, but they also present challenges to data utilisation.

Health data resides in many unconnected repositories, which can be linked to each
other (McGinnish et al. 2011). There are six major sources where health data is typ-
ically gathered from; administrative data, electronic health records (EHRs), claims
data, disease registries, health surveys and clinical trials data (Health Sciences Li-
brary 2021). Health Sciences Library (2021) defines administrative data as data that
is created at encounters with the health care system, and which is reported to a gov-
ernment agency. Finnish Institute for Health and Welfare is an example of a govern-
ment agency responsible for maintaining administrative health data. EHRs are health
data obtained during routine delivery of health care. Claims data consists of billable
interactions between healthcare system and payers (for instance patients, insurance
companies or Social Insurance Institution of Finland). Disease registries are infor-
mation systems that track data for certain condition such as cancer. The Finnish Can-
cer Registry is an example of a disease registry. National health surveys are con-
ducted to evaluate population health and are often collected specifically for research
purposes. Clinical trials data describes all data generated in clinical trials, which are

research studies that test how well new medical approach work in people.

Healthcare information systems have experienced major advancements in the last
decades (Chen 2020). Systems that can no longer handle the increasing amount of
health data are being replaced by systems based on big data. EHRs are regarded as a

breakthrough in medical information management as they have made it easier to
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access and aggregate health data (Weiskopf & Weng 2013). EHRs hold great value
for secondary use of health data and adaption of EHRs has significantly increased
interest in using this data for research. Using EHRSs in research can also decrease the

costs and inefficiencies related to clinical research (Weiskopf & Weng 2013).

2.2.1 Health data quality

Data quality measures have become a fundamental part of healthcare systems. Health
data quality is defined similarly to data quality in general; health data quality is suf-
ficient when it meets the requirements of its users (Ehsani-Moghaddam et al. 2021).
Health data users are typically researchers, healthcare providers, health system plan-
ners, health agencies, decision makers and industry partners (Ehsani-Moghaddam et
al. 2021). As health data quality is defined within the context of user requirements
and these requirements often change over time, Ehsani-Moghaddam et al. (2021)
suggest that data quality should be regarded as an emergent construct. Treating data
quality as an emergent construct means that high levels of data quality are not ex-
pected to last forever, but instead the quality is regularly reassessed in an iterative

manner to ensure that sufficient levels of data quality are sustained.

High quality health data is essential to achieve reliable and useful information and
to make effective and informed decisions. Even though poor data quality is an issue
in most industries, in health industry the consequences of incorrect decisions can be
particularly severe as it can mean difference between life and death care (Ehsani-
Moghaddam et al. 2021). Poor quality of health data can limit the usefulness of health
data for public health surveillance, negatively affect the reproducibility of research

and result in poor patient care (Ehsani-Moghaddam et al. 2021).

There is a growing interest in utilising data collected during clinical care in research.
Despite several benefits of secondary use of health data, there are also concerns re-
lated to the quality of this data and its suitability for research. According to Weiskopf
and Weng (2013) it is widely accepted that health data is not recorded with the same

level of accuracy as research data, which is due to differences in priorities between
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clinical setting and research setting. They also discovered that utilisation of EHRs

has resulted in larger quantities of recorded data, but not in improved quality of data.

2.2.2 Finnish health data network

Finland currently has a population of 5.5 million. The entire population is covered
by public healthcare system and health data is collected of all individuals who have
used healthcare services. According to Boyd et al. (2021) Finland has an exceptional
health data network and Finland ranks among the best countries in Europe in recog-
nising the value of secondary use of health. According to Kajantie et al. (2006), there
are mainly three reasons that contribute to Finland’s unique health data resources.
First, all Finnish citizens and persons residing in the country permanently have a
unique personal identification code. This allows data to be linked between several
different data sources on a reliable and easy manner. Second, Finnish legislation al-
lows the use of personal data for purposes other than for what it was originally col-
lected, thus permitting secondary use of health data. In Finland, it is possible to use
personal data for research purposes, but only under strict provisions defined by law.
Research must be aimed at the common good and it must be ensured that no harm is
inflicted on those individuals, whose health data is used. Third, Finland has a long
history of collecting nationwide health data, which has resulted in unique data re-
sources in terms of both quality and quantity. Finland’s universal, publicly funded,
high-quality healthcare provides a good environment for population-wide data col-
lection, where the data is representative of the entire population contacting public
health services with minimal selection bias. The Finnish welfare system has pro-
duced a substantial amount of administrative data and many of Finland’s key regis-
tries have existed since 1950s — 1960s (Kajantie et al. 2006). This means that exten-
sive longitudinal data, with population-wide coverage is available in Finland. As
health data is available for the entire time period since the establishment of these
registries to this day, it is possible to study cohorts, for which data is available for

the entire lifespan of patients (Kajantie et al. 2006).
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Act on the Secondary Use of Health and Social Data (552/2019), which has been
effective since 2019, enables the use of secondary health data in Finland. The pur-
pose of this act is to ensure safe and effective processing of social and health data
for research, statistics, and health sector development as well as to enable linking
health data to other data sources. Another purpose of the Act is to ensure privacy of
individuals and their rights regarding processing personal data. The Act includes
provisions on the data permit authority and its duties. In Finland, Findata operates as
a centralised information permit authority and is responsible for administration of
data requests and data permits for health data (Ministry of Social Affairs and Health
n.d.). A centralised system for data permits ensures privacy protection of individuals

and secure use of data (Ministry of Social Affairs and Health n.d.).

2.3 Cancer data

Cancer is a major global health concern and a leading cause of mortality and mor-
bidity (Bray et al. 2015). Overall, cancer incidents and mortality are rapidly growing
globally (Sung et al. 2021). Rapidly growing number of cancer incidents reflects
both ageing and growth of the world population as well as prevalence of cancer risk
factors, many of which are connected to socioeconomic development. In 2020, an
estimated 19.3 million new cancer cases were diagnosed, and 10 million cancer
deaths occurred globally (Sung et al. 2021). Out of these, the most common cancers
were lung cancer, prostate cancer and colorectal cancer in men and breast cancer,

colorectal cancer, and lung cancer in women (Sung et al. 2021).

2.3.1 Cancer registries

Cancer registries collect data about cancer patients. European Cancer Information
System (ECIS) defines cancer registration as “a continuous process of systematic
collection, storage, analysis, interpretation and reporting of data on the occurrence
and characteristics of cancer” (European Commission, n.d.). According to ECIS,
cancer registries are typically population-based registries, which collect data on all
cancer cases within a defined population corresponding to a specific geographic area.

There are almost 200 population-based cancer registries in Europe, which range from
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national to regional area coverage (European Commission, n.d.). Most European
cancer registries are members of the European Network of Cancer Registries
(ENCR), which is a collaboration with an aim to foster cooperation among European
cancer registries, establish common standards for data collection, train cancer regis-

try personnel and publish statistics on cancer incidence and mortality in Europe.

There are three main sources, where cancer registries receive cancer data from: clin-
ical notifications by health care professionals from hospitals, pathology laboratories
and death certificates (Finnish Cancer Registry, n.d.). Information is also received
from radiotherapy and oncology departments, haematology laboratories and hospital
discharge records (Bray et al. 2015). The more different data sources there are, the
better the quality of the registry (Bray et al. 2015). Types of data recorded are patient
demographics, tumour characteristics, stage of disease, treatment, and outcomes

(National Cancer Institute n.d.).

The most significant task of cancer registries is in cancer surveillance, which means
that they continually and systematically collect and analyse data on cancer incidence,
prevalence, treatment, survival, and cancer deaths to provide valuable information
on the cancer burden and its trends over time (National Cancer Institute n.d.). This
surveillance data 1s also crucial for cancer research and statistics as well as national
cancer control programmes, which aim to reduce the number of cancer cases and
cancer deaths and improve the quality of life for those who develop cancer (National

Cancer Institute n.d.).

2.3.2 Data quality of cancer registries

Population-based cancer registries are a valuable source of information for provided
that the data is of good quality. Those who use cancer registries for research and
decision-making base their conclusions on the presumption that the data is reliable
(Teppo et al. 1994). The better the quality of the registry, the more meaningful are

the observations made based on it. Poor data quality creates bias to cancer incidence
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and survival estimates and especially rare diseases, such as childhood cancers, are

sensitive to data quality problems in cancer registries (Jokela et al. 2019).

The value of cancer registries depends strongly on the quality of its data and the
quality control procedures in place (Bray & Parkin 2009). To optimise data quality
levels, specific procedures must be followed. In terms of health data, Ehsani-
Moghaddam et al. (2021) discussed that high levels of data quality should not be
expected to last forever, but instead the quality should be regularly reassessed in an
iterative manner to ensure that high levels of data quality are sustained. Similarly,
Teppo et al. (1994) discuss that evaluation of data quality in cancer registries should
be routine practice, where systematic quality control measures are performed regu-
larly to ensure high levels of data quality. According to Bray and Parkin (2009), the
data quality of cancer registry typically improves through wide utilisation of the reg-
istry data and active interest by collaborators in the registration process. If registry
data is widely used, it is more likely that quality problems are identified. If collabo-
rators are interested and value the registry, more attention is paid to registration rou-

tines.

There are four key aspects to evaluating data quality in a cancer registry: complete-
ness, accuracy, timeliness, and comparability (Bray & Parkin 2009). Completeness
means that all patients in the given population diagnosed with cancer are registered
in the cancer registry and those who are registered really have cancer (Parkin & Bray
2009). Completeness is an extremely important aspect of data quality as incomplete-
ness of data causes inaccuracy in incidence rates and survival proportions. Accuracy
refers to the correctness of information in the cancer registry (Bray & Parkin 2009).
It measures whether a case recorded as having certain attribute (e.g., cancer site or

age of the patient) truly has that attribute.
Timeliness refers to speed at which a cancer registry can collect, process and report

data (Bray & Parkin 2009). This is a measure between the date that the cancer was

diagnosed and the date when the case is available for use in the cancer registry. A
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cancer registry often receives notifications at predefined intervals such as monthly
or twice yearly (Bray & Parkin 2009). Once these notifications have been received,
there are still some processes needed before the data is available in the registry. These
include, for instance, matching notifications to previous records to decide whether
the notification constitutes a new entry or is additional information to already exist-
ing records, matching registered cases to death certificate notifications and tracing
back unmatched cases. Timeliness is an important dimension of data quality as rapid
access to data benefits health providers and researchers (Bray & Parkin 2009). Time-
liness has an important impact on studies related to time, such as trends of incidence.
Statistics, which are based on recent periods are incomplete, as there is variance in
how soon different collaborators report the data to the registry and sometimes data

can be received long after the case has been diagnosed.

Comparability refers to how comparable classification and coding practices and re-
cording techniques of a certain registry are to international standards (Bray & Parkin
2009). Comparability is studied through reviewing the registration routines and iden-
tifying how well standards have been followed. According to Bray and Parkin (200)
there are three aspects that typically influence comparability. First one is the classi-
fication and coding system that has been used to register neoplasms. International
standards for classification and coding are published in the International Classifica-
tion of Diseases (ICD) by The World Health Organisation and for neoplasms in the
International Classification of Diseases for Oncology (ICD-0O). Second aspect that
typically influences comparability are differences in how cancer incidence is de-
fined. Defining cancer incidence is not easy since it can take decades from the first
mutations of the cancer to getting a clinical diagnosis. In cancer registration, deci-
sions must be made at which point the disease can be registered as a cancer case and
what is the date when the disease became incident so that survival can be measured
from this date. Thirdly, differences in distinguishing primary cancers from recurring
cancers or metastases of an existing cancer can cause comparability issues. Cancer
registry must make this distinction because it must register all new cases to estimate

cancer incidence.
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2.3.3 Evaluation of cancer data

As discussed in chapter 2.3.2, prior research emphasises that regular systematic data
quality checks are essential to ensure a high-quality cancer registry. Data quality of
the Finnish Cancer Registry has been previously evaluated. To ensure comprehen-
sive evaluation of data quality of cancer registry, these studies typically differ in
study period and cancer site studied. Data assessment studies also use different meth-
ods to study data quality depending on what other data sources are available to be

utilised.

Data quality assessment of the two cancer types in the focus of this study, lung cancer
and multiple myeloma, have been reported twice in prior research by Teppo et al.
(1994) and Leinonen et al. (2017). Both studies evaluated the total data quality of all
cancer types in the FCR. Teppo et al. (1994) studied completeness of the FCR data
in 1985 — 1988 by linking the FCR and the hospital discharge registry, which is a
registry including data on all patients who have been hospitalised in Finland. They
studied patients, who were found in the discharge registry under diagnosis code re-
ferring to cancer but were not found in the FCR. The overall completeness rate was
99% for solid tumours and 92% for haematological cancers. Under-registration was
specifically high in three cancer types: benign neoplasms of the central nervous sys-

tem, chronic lymphatic leukaemia, and multiple myeloma.

Leinonen et al. (2017) conducted a data quality assessment of the FCR data for the
period 2009 — 2013. Accuracy was studied by calculating proportions of cases reg-
istered with uncertain primary site (PSU%), morphologically verified cases (MV%)
and proportion of cases registered based on a death certificate only (DCO%). Com-
pleteness was studied with independent case ascertainment method by linking the
FCR data to the Care Register for Health Care (Hilmo). Overall completeness was
estimated at 95%, for solid tumours 96% and for non-solid tumours 86%. Complete-
ness of respiratory cancers (including lung cancer) was 97.2% and for multiple my-
eloma and other plasma cell neoplasms 81.6%. Similar to findings by Teppo et al.

(1994), Leinonen et al. also found that tumours, which are typically not histologically
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verified, such as haematological malignancies and non-malignant tumours of the
central nervous system, were underreported. DCO% overall was 2.6%, which was
higher than what has been published in prior studies but still low compared to other
European registries. 93% of cases were morphologically verified, which indicates
high accuracy. 1.9% of cases were registered with uncertain primary site and it was
strongly associated with age of the patient so that accuracy decreased among elderly

patients.

In addition to total data quality assessment of the FCR, the registry has also been
studied at the site-specific level. In 2016, Leinonen et al. studied completeness and
accuracy of myeloproliferative and myelodysplastic neoplasms for data collected
during 2007-2013 by comparing the FCR data to the Hilmo registry. The study con-
firmed problems with completeness of these neoplasms, with over half of the patients
found in Hilmo missing from the FCR. Overall completeness was 47.0% and accu-
racy 51.4%. In 2019, Jokela et al. studied completeness of childhood cancers in the
FCR for the period 2009-2013. Data quality was assessed with the independent case
ascertainment method by comparing the FCR data to Hilmo and verifying the poten-
tially missed cases by reviewing medical records of these patients. The results
showed that the completeness of childhood cancers in the FCR is high at 94%, but
still lower than completeness of cancers in adulthood. In 2021, accuracy of data in
the FCR was assessed for colorectal cancer by comparing the FCR data to original
patient records (Lunkka et al. 2021). Accuracy was measured by calculating Cohen’s
kappa coefficient. According to the study, the FCR has good accuracy regarding tu-
mour characteristics but low accuracy in treatment information. The reason for low
levels of accuracy was found to be that a high proportion of the treating clinicians
did not complete clinical notifications, which are used to report cancer cases to the
FCR. The accuracy issues were most prominent in variables that depend on infor-

mation from clinicians, such as given treatment.

Other Nordic national cancer registries provide a data comparison opportunity for

the FCR data as they all have similar data structure and level of accuracy (Maret-
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Ouda et al. 2017). The Nordic countries have a long tradition of cancer registration
and the Nordic cancer registries are among the oldest population-based registries in
the world (Pukkala et al. 2018). The Danish Cancer Registry is the oldest, founded
in 1942, and the other registries were established in the 1950s. Similarities between
the Nordic registries include registries operating in similar demographic settings,
mandatory reporting of cancer cases, each registry covering the total population and
each country using a unique personal identity code system, which helps linking the
registry data with other data sources (Pukkala et al. 2018). Due to these reasons,
prerequisites for high quality population-based cancer registries are favourable in all
Nordic countries. The Nordic registries have a history of close collaboration, with
their data often used for comparison in other Nordic studies. Three studies reporting
the data quality indicators for lung cancer and multiple myeloma have been pub-
lished from the other Nordic registries (Sigurdardottir et al. 2012; Barlow et al. 2009,
Larsen et al. 2009). These studies reviewed data quality in the Icelandic Cancer Reg-
istry, the Swedish Cancer Registry and the Cancer Registry of Norway and each
study evaluated the overall data quality in the registry.

A comprehensive data quality assessment for all cancer types was conducted in the
Cancer Registry of Norway (CRN) in 2009 by Larsen et al. Data quality was assessed
for completeness, accuracy, comparability, and timeliness for the period 2001 —
2005. Overall, the study found that the CRN has a high degree of completeness, ac-
curacy, comparability, and timeliness, although some data quality issues were found
for specific cancer sites. Data quality was especially high for breast, prostate, cervi-
cal and colorectal cancer for all data quality dimensions assessed, but haematological
malignancies and tumours of the central nervous system did not meet the highest
quality standards. The overall completeness in the CRN was high at 98.8%, meaning
that the registry is close-to-complete. 93.8% of the cases were morphologically ver-

ified, which indicates reasonably accurate data.

The first formal data quality assessment in the Icelandic Cancer Registry (ICR) was
conducted by Sigurdardottir et al. in 2012. They studied the total data quality for
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completeness, accuracy, comparability, and timeliness. Accuracy was addressed by
calculating the MV%, DCO% and PCU%. The proportion of morphologically veri-
fied cases was 96.4%, which indicates very high accuracy. According to Sigurdar-
dottir et al., high MV% is explained by high level of diagnostic activity and a large
proportion of Icelandic cancer patients undergoing biopsies. DCO% was low at
0.3%, which indicates high accuracy. This is partly explained by the small population
of Iceland, which enables effective search for further information of cancers, which
were identified from death certificates. Completeness of the ICR data was very high
at 99.15% addressed by the independent case ascertainment method. Reflecting the
results from other Nordic registries, most of the missing cases were haematological

malignancies and tumours of the central nervous system.

Data quality assessment in the Swedish Cancer Registry (SCR) was conducted in
2009 for data collected during year 1998 (Barlow et al. 2009). Data was assessed for
completeness by studying the discrepancy between the SCR and the Hospital Dis-
charge Register. Completeness of the SCR data was high at 96.3%. Completeness
varied significantly by diagnostic group and age so that completeness was specifi-
cally low for leukaemia and lymphoma and for the 70+ age group. Possible explana-
tion for low completeness in these diagnostic groups, which are typically not histo-
logically verified, was assumed to be in misunderstanding among some clinicians
that only cases which have been diagnosed by histology or cytology should be re-
ported to the cancer registry. Thus, completeness for cases diagnosed only clinically

was lower.
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3 Methodology

Increasing amount of health data is available for research today and this data is often
stored in healthcare registries. This study focuses on the quality of data that exist in
the Finnish healthcare registries; thus, the focus of this study is on methods and ap-
proaches used in register-based research. Register-based research is a methodology
which utilises data stored in registries kept by government agencies or other organi-
sations for administrative and statistical purposes (Finnish Information Centre for

Register Research, n.d.). Registries are more extensively used for research than ever.

The FCR is population-based registry. As this study is based on data in population-
based registry, data collection in this study differs from traditional researcher-col-
lected data. As all people in the population with the specific condition are available,
traditional statistical analyses related to sampling error are not relevant (Thygesen &
Ersbell 2014). Population-based registries, which have collected health data for dec-
ades, also allow long follow-up of patients (Thygesen & Ersbell 2014). This allows
studying cancer patients from 2015 to 2019 and comparison of data with similar
studies focusing on different study period. Strengths and limitations of register-based

studies are discussed in more detail in chapter 5.3.

This study was demarcated to two types of cancer to ensure more useful and descrip-
tive results. The two types of cancer studied are lung cancer and multiple myeloma
i.e., ICD-10 diagnosis codes C34 and C90. By focusing on two diagnoses, research
steps can be targeted to the specific features and behaviour of these cancer types.
Data quality assessment studies in cancer registries are often demarcated to specific
cancer sites for this reason (for example, Lunkka et al. 2021 for colorectal cancer,
Jokela et al. 2019 for pediatric cancer, Leinonen et al. 2016 for myeloproliferative
and myelodysplastic neoplasms), although studies reviewing the total data quality of

a cancer registry also exist.

Lung cancer and multiple myeloma were selected for this study for several different

reasons. First, one common and one rare cancer type were chosen. Lung cancer is

26



the third most common cancer diagnosed in men in Finland, with age-standardised
incidence rate of 60.3 per 100,000 person-years and a total of 1666 new cases diag-
nosed in 2020 (Pitkéniemi et al. 2022). Lung cancer is also the third most common
cancer in women, with incidence rate of 33.7 and a total of 1135 new cases diagnosed
in 2020 (Pitkéniemi et al. 2022). Multiple myeloma is a rare type of cancer with 4.77
incidence rate and 158 new cases diagnosed in women and 7.42 incidence rate and

198 new cases diagnosed in men in 2020 (Pitkdniemi et al. 2022).

Cancer types can be divided into two main types: malignant solid tumours and hae-
matological malignancies. The difference is that solid tumours form a mass or sev-
eral masses whereas blood cancers circulate around the body through bloodstream
and do not form tumours. For this research, one cancer of each type was selected,
lung cancer as a malignant solid tumour cancer and multiple myeloma as a haema-
tological cancer. Division between solid tumours and haematological cancers is in-
teresting in terms of cancer registration as registration of these two types differs sig-
nificantly. Haematological cancers have several features that make them challenging
for cancer registration. They tend to transform into other types of haematological
malignancies during the course of the disease, which presents challenges to cancer
registration regarding how to classify new information received on the same patient
(Gavin et al. 2015). Prior research has also discovered problems with registration of
haematological cancers in the FCR (Leinonen et al. 2017), which makes identifica-

tion of data quality problems related to them specifically necessary.

Time demarcation of 2015-2019 was made for accuracy. This ensures that a cancer
registered in one database is associated with the same cancer in another database. If
a longer time period was chosen for the study, it would be difficult to say whether

the association is made between the same cancer or a different, recurrent cancer.

Chapter 2.3.2 introduced four main dimensions used in cancer registry data quality
assessment, which were accuracy, completeness, comparability, and timeliness. Ac-
cording to Batini and Scannapieco (2016) evaluation of the most important data qual-

ity dimensions should be the first step of any data quality related activity.
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Considering the data collected for this study, the most suitable dimensions to evalu-
ate this data are completeness and accuracy. Completeness and accuracy give a direct
numerical estimate that permits comparison to prior data quality assessment studies
of the FCR data or other Nordic cancer registries. The data available for this study is
best suited to study completeness and accuracy. Having several data sources availa-
ble for comparison of data enables using effective methods to study completeness as
completeness is typically assessed by studying agreement between two or more data
sources. The data available involves data points that are typically used to measure
accuracy in cancer registry research. Studying timeliness and comparability of data
differ from the quantitative nature of this study and cannot be answered directly by
the data collected for this study. The focus of timeliness and comparability evalua-
tion is in the internal processes of the FCR, whereas the focus of accuracy and com-

pleteness is on the data itself.

3.1 Methods

This chapter introduces independent case ascertainment method, which was used to
evaluate completeness of data in the FCR and diagnostic criteria methods and miss-
ing information analysis, which were used to measure accuracy of data. This chapter
also describes how these methods were used in the context of this study. A precon-
dition for the selection of methods was that the method should provide a numerical
index as a result, which allows comparison with prior estimations of data quality in

the FCR and other Nordic registries.

3.1.1 Independent case ascertainment method

Completeness means that all patients in the given population diagnosed with cancer
are registered in the cancer registry and those who are registered really have cancer
(Parkin & Bray 2009) and is typically assessed by studying agreement between two
data sources (Weiskopf & Weng 2013). This is also the case with independent case
ascertainment method, introduced by Parkin and Bray (2009) used in this study. Par-
kin and Bray (2009) describe independent case ascertainment method as a widely

used quantitative method that provides a numerical indication of the extent to which
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all eligible cases have been registered. Independent case ascertainment method
means comparing the cancer registry data with one or more independent data
sources. As these data sources are compiled independently from another, independ-
ent case ascertainment method is a particularly objective method for evaluating com-
pleteness. It requires a linkage between different data sources so that the number of
cases missed by the cancer registry can be evaluated. The proportion of patients who
were already registered in the cancer registry provides a direct and quantitative meas-
ure of completeness. According to Parkin and Bray (2009) independent case ascer-
tainment method can be used either to evaluate the overall completeness in a cancer
registry or certain subsets within it such as the type of cancer, age group or area of
residence. In this study, the focus is on subsets within the FCR defined by the type
of cancer. Independent case ascertainment method is a suitable method for this study
as several independent data sources are available for comparison of the registry data.
The independent data sources used for data comparison are the Care Register for
Health Care (Hilmo), the Register of Primary Health Care Visits (Avohilmo), medi-
cal records from three university hospital catchment areas: Helsinki University Hos-
pital (HYKS), Turku University Hospital (TYKS) and Kuopio University Hospital
(KYS), and data on sickness allowance and medical reimbursements by the Social
Insurance Institution of Finland (Kela). These data sources are introduced in more

detail in chapter 3.2.

Independent case ascertainment method included first extracting all cases registered
under ICD-10 diagnosis codes for multiple myeloma or lung cancer from Hilmo and
Avohilmo registries for the study period. This data was then individually linked to
the FCR with unique identification number by each patient. This linkage provided
information on the cases which were registered in Hilmo and Avohilmo under an
eligible diagnosis but were missing from the FCR. These patients were reviewed in
more detail with other data sources available. By reviewing these patients against
other data sources, the study aimed to find out whether these patients really do have
lung cancer or multiple myeloma and should they have been reported to the FCR. A

completeness evaluation model was created to visualise the number of patients that
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each independent data source confirmed as a true positive case missing from the FCR
or false positive case, which was either incorrectly recorded in Hilmo or was not

applicable to the study population.

3.1.2 Methods to evaluate accuracy

Accuracy is defined as the correctness of information registered in a cancer registry
(Bray & Parkin 2009). Methods used in this study to evaluate accuracy of data in the
FCR have been introduced by Bray and Parkin (2009). The methods can be divided
into two groups: diagnostic criteria methods and missing information analysis. Di-
agnostic criteria methods include calculating the proportion of morphologically ver-
ified cases (MV%) and the proportion of cases registered under death certificate only

(DCO%).

Cancer diagnosis is typically most accurate when it is histologically verified (Bray
& Parkin 2009). Histological verification means that a tissue is obtained in a biopsy
after which the tissue is examined in a laboratory by a pathologist. Pathologist deter-
mines the definitive cancer diagnosis and thus, the proportion of histologically veri-
fied cases is an important measure of accuracy in a cancer registry. These cases are
typically described by a category called morphologically verified cases. Therefore,
the MV% is often used as an indicator of accuracy. According to Bray and Parkin
(2009) the MV % is typically interpreted not merely based on its absolute value but
by comparing the value to what research has indicated as an expected value for ac-

curacy given the circumstances.

Cancer case registered with death certificate only (DCO) means that the death cer-
tificate was the only evidence that the person had cancer and no other information of
the cancer was received by the cancer registry (Bray & Parkin 2009). Compared to
information obtained from clinical or pathology records, information on death cer-
tificates suffers from lack of accuracy. Therefore, the proportion of death certificate
only registrations is an important measure of accuracy in a cancer registry. The lower

the number of cases registered with DCO, the better the accuracy of data as this
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means that cancers were already diagnosed during the lifetime of the patient. Estab-
lishing objective criteria for acceptable levels of DCO% is difficult because of its
sensitivity to local circumstances such as availability and quality of death certificates
and the ability to link death certificate data with the cancer registry. As there are no
criteria for MV% and DCO% that would determine a sufficient level of accuracy
objectively, this study does not compare these values to a predetermined data quality
level but to prior studies of similar circumstances. MV% and DCO% in the FCR and
other Nordic registries have been reported by multiple prior studies, which makes
them suitable methods for this study as the results can be compared between different

studies.

Missing information is an indicator of data accuracy in a cancer registry (Bray &
Parkin 2009). This often shows in cases registered with unknown values. According
to Bray and Parkin (2009) missing values can result from problems in the registration
process, inadequate case investigations or ambiguity in medical records. One often
used measure of missing information is the number of cases registered under primary
site uncertain (PSU). However, PSU is suitable for studies that study accuracy of an
entire cancer registry and it does not perform well with this study, where only two
cancer types are studied. Other variables often used for missing information analysis
are age, ethnicity, and stage (Bray & Parkin 2009). In this study, missing information
analysis is performed for the stage of cancer. Missing information on stage is a com-
mon problem in cancer registries (Eisemann et al. 2011). Cancer stage is a key indi-
cator of cancer survival and accurate information of stage is important for a cancer

registry to be able to monitor early diagnosis initiatives (Di Girolamo et al. 2018).

The number of cases with a histological verification and the number of cases regis-
tered based on death certificate only was calculated based on the basis of diagnosis
in the FCR and compared to the total number of lung cancer and multiple myeloma
cases registered in 2015 — 2019. Missing staging information was calculated based

on the clinical spread of the tumour and its spread categories. The values were then
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compared to the results of prior studies evaluating accuracy of data in the FCR and

other Nordic cancer registries.

3.2 Data sources

The main data source in this study is the Finnish Cancer Registry, which data quality
is evaluated in terms of completeness and accuracy. Having several other data
sources available in addition to the FCR, enables this study to use effective methods
to evaluate completeness such as the independent case ascertainment method, where

cancer cases found in the FCR are compared to other independent data sources.

The Finnish Cancer Registry (FCR), established in 1952, is a population-based na-
tional registry of all cancer cases diagnosed and treated in Finland (Finnish Cancer
Registry n.d.). It is maintained by the Cancer Society of Finland as a part of the
Finnish Institute for Health and Welfare. The data is used to carry out statistical and
epidemiological research, for health policy and to monitor cancer incidence in Fin-
land. Reporting cancer cases to the FCR has been compulsory since 1961 (Finnish
Cancer Registry n.d.). Healthcare authorities, institutions and personnel have a stat-
utory obligation to notify all new cancer cases that come to their attention to the FCR
(Lonnberg et al. 2012). There are three main sources, where the FCR receives cancer
data from: clinical notifications by health care professionals from hospitals, pathol-
ogy laboratories and death certificates (Finnish Cancer Registry, n.d.). The FCR data
available in this study comprises of patient data (including unique personal identity
code, sex, age, and place of residence), diagnostic details (including date of diagno-
sis, diagnostic coding and site, basis, and stage of tumour) and death certificate in-
formation when applicable. Patients are identified using a unique personal identity
code, which all Finnish residents have. Diagnostic coding of the FCR currently fol-
lows the 3rd edition of the International Classification of Diseases for Oncology
(ICD-0-3). The coding describes the site (topography), histology (morphology) and

behaviour of the neoplasm.
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Two Finnish national health registries are crucial for the completeness estimations
in this study: the Care Register for Health Care (Hilmo) and the Register of Primary
Health Care Visits (Avohilmo). This administrative registry data, which is created at
every encounter with the health care system, enables studying large, nationwide pop-
ulations. However, the main disadvantage of these administrative registries is their

secondary nature; the data has not been primarily collected for research purposes,

which affects the quality of the data (Sund 2012).

Avohilmo includes data on outpatient primary health care visits at municipal health
centres, e.g., visits to general practitioners and nurses, oral health, occupational
health care, home care, maternity and child welfare clinics and school healthcare
(Aineistokatalogi n.d.). The visits are recorded and notified to the registry by the
consulting healthcare professional. Notifications include basic patient information
(such as age, sex, and personal identification number), information on the health care
service received (such as the health care unit, reason for the visit and treatment) and
information on the diagnosis according to ICD-10 classification (Feuth et al. 2020).
Avohilmo registry was established in 2011 and it is maintained by the Finnish Insti-
tute for Health and Welfare (Aineistokatalogi n.d.). The data is collected mainly for

purposes of research, statistics, planning and development (Aineistokatalogi n.d.).

Hilmo is a national health care registry maintained by the Finnish Institute for Health
and Welfare. Its data content has undergone many changes since it was first estab-
lished. Hilmo is a continuation of the preceding Finnish Hospital Discharge Register
(FHDR) established in 1969, which is one the oldest national individuals level hos-
pital discharge registries in the world (Sund 2012). At first, Hilmo included data on
inpatient care (hospitalisations) only until day-surgical procedures were added to it
in 1994 and specialised services in outpatient care in the public sector in 1998 (Lei-
nonen et al. 2016). Like Avohilmo, the purpose of Hilmo is to collect data for the
purposes of research, statistics, and planning (Aineistokatalogi n.d.). According to a

review by Sund (2012) the accuracy and completeness in Hilmo varies from
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satisfactory to very good. The most significant limitation to data quality in Hilmo

was under-recording of subsidiary diagnoses and secondary operations.

Medical records, also called as electronic health records (EHRs), include information
on the patient collected during routine clinical practice (Cowie et al. 2016). Medical
records used in this study include data on patient demographics, diagnoses, labora-
tory results and medication and were stored in university hospital data lakes. Data
lake technology is a mean of accessing hospital data documented in the EHRs in a
protected data environment, which is available in some hospital districts in Finland
(Rajala et al. 2020). In this study, access was gained to data lakes in three university
hospital catchment areas: Helsinki University Hospital (HYKS), Turku University
Hospital (TYKS) and Kuopio University Hospital (KYS). Medical records contain a
personal identifier, which allows linking the data to the FCR and Hilmo/Avohilmo.

Social Insurance Institution (Kela) is an important contributor to register-based
health research in Finland for recording information on social benefits. This study
utilised data on sickness allowance paid to Finnish citizens as compensation for loss
of income due to incapacity for work and data on medical reimbursements to deter-
mine whether patients missing from the FCR have been admitted sickness leave un-
der one of the eligible diagnoses or whether the patient has received reimbursement

for medications used to treat these cancer types.
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4 Results

Data quality in the Finnish Cancer Registry was studied for completeness and accu-
racy for data collected between 2015 and 2019. The study focused on two cancer
types, lung cancer and multiple myeloma. The study population are Finnish resi-
dents, who have been diagnosed with lung cancer or multiple myeloma in 2015 —
2019 so that their first diagnosis has been on 1.1.2015 or after. The earliest date of
admission with the eligible diagnosis was identified from Hilmo and Avohilmo so
that the data could be matched to the FCR, where a new diagnosis is recorded only
once after it has first been diagnosed. Study population includes all patients who
have been registered in Hilmo or Avohilmo under ICD-10 diagnosis code C34 or
C90 or the corresponding ICD-O-3 diagnosis in the FCR. Data has been limited to
patients over 15 years of age. All lung cancer and multiple myeloma cases were ex-
tracted from the Hilmo and Avohilmo registries after which patients were individu-
ally linked to the FCR to compare the agreement between these registries. Unique
personal identification number allowed individual linkage between the three regis-

tries.

In 2015-2019, 14 298 lung cancer cases and 1987 multiple myeloma cases were reg-
istered in the FCR, and 15 701 lung cancer cases and 3370 multiple myeloma cases
were reported to Hilmo and Avohilmo. The deviation between the registries reveals
2747 lung cancer cases and 1559 multiple myeloma cases potentially missing from

the FCR, which are at the centre of the completeness evaluation.

Table 3: Number of new cases in the Finnish Cancer Registry and Hilmo/Avohilmo

and the number of cases reported to Hilmo/Avohilmo only in 2015 — 2019.

Reported to the Finnish Reported to Hilmo/Avo- Reported to Hilmo/Avo-
Cancer Registry in 2015-2019  hilmo in 2015-2019 hilmo only

Site Number of cases Number of cases Number of cases

Lung 14 298 15701 2747

Multiple myeloma 1 987 3370 1559
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4.1 Completeness

The results revealed 2 747 lung cancer cases and 1 559 multiple myeloma cases rec-
orded in Hilmo or Avohilmo, which were missing from the FCR. These patients were
reviewed in more detail with other data sources available. These data sources pro-
vided information on medical records, pathology reports, medication, procedures,
specialisation area in which the patient had received treatment, death certificates and
to which diagnosis the patient has received sickness allowance. By reviewing other
data sources, this study aims to find out whether these individuals really do have lung

cancer or multiple myeloma and should they have been reported to the FCR.

A completeness evaluation model was created based on the algorithm that deter-
mines whether a case really is missing from the FCR (Figure 2 and Figure 3). If the
patient is not found in the FCR but the patient is found in Hilmo or Avohilmo and
certain other variables also refer to lung cancer or multiple myeloma, there is more
evidence that this person really is missing from the FCR. In this model, a case refers
to true positive cases that are confirmed to be missing from the FCR. 4 non-case is
either incorrectly recorded in Hilmo or Avohilmo or not applicable to the study pop-
ulation. The model states both the data source, which confirmed the patient as a case
or a non-case as well as the number of cases in each category. Detailed definitions
for classification decisions regarding procedure codes and medication are given in
appendix A and B. The model proceeds differently depending on the cancer type due

to their different qualities.

4.1.1 Multiple myeloma

A total of 3 370 individuals were registered with multiple myeloma in Hilmo or
Avohilmo and 1 987 individuals were registered in the FCR in 2015 - 2019. 1811 of
these individuals were registered in both registries. Regarding completeness of mul-
tiple myeloma in the FCR, the focus of this study is on the cases, which are found in
Hilmo or Avohilmo but are missing from the FCR. After matching individuals re-

trieved from the registries, a total of 1 559 cases identified from Hilmo or Avohilmo
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were missing from the FCR. The first step in the completeness evaluation model
(Figure 2) included matching these 1 559 individuals to the FCR data before the
study period, which allowed identifying cases registered already before year 2015.
The individuals were matched for FCR data between 2008 and 2014, which revealed
347 individuals already diagnosed with multiple myeloma before 2015. These 347

were excluded from the study for not belonging to the study period.

Registration of haematological malignancies is challenging because they often trans-
form or progress into other types of haematological malignancies in the course of the
disease (Gavin et al. 2015). For cancer registration this means that decisions must be
made regarding how to classify new information gained from the subsequent notifi-
cations on the same patient. When cancer registry receives information on the pa-
tient, who has already been registered with a haematological malignancy, it has three
options for registration. It can be classified as the same tumour (progression), trans-
formation or a new tumour (Gavin et al. 2015). For completeness evaluation this
means that diagnoses found from Hilmo and Avohilmo also needed to be checked
against morphology codes that are likely to refer to the same tumour or its transfor-
mation (Appendix C). If these codes are registered in the FCR, a match for the
Hilmo/Avohilmo registration is found and they can be excluded from the potentially
missing cases. Overall, 34 cases were identified from the FCR with these extended

morphology codes and were excluded from the study.
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Kela .
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Stage of another cancer Unconfirmed Non-case
211 158
Statistics Finland
Cause of death Case Unconfirmed
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Figure 2: Completeness of multiple myeloma in the Finnish Cancer Registry.
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Data on pathology reports was checked from medical records to determine true pos-
itive cases. Pathology data is one of the most reliable ways of determining a cancer
diagnosis because it is based on biopsies examined by a pathologist and thus, it is
one of the first steps in the completeness evaluation model. Pathology data allows
classification of all cases, where pathology results refer to multiple myeloma as true
positive cases. It also allows to exclude cases, where pathology results have con-
firmed the cancer as non-malignant. Based on pathology data, 19 cases were con-

firmed as true positives and 10 cases were excluded from the study.

Next, Hilmo and Avohilmo diagnoses were checked against medication used by pa-
tients. If medication referred to multiple myeloma, the case was confirmed as true
positive. For medication, several data sources were available. Data on medication is
found in medical records, Hilmo/Avohilmo and Kela reimbursements for medical
expenses. Data sources were checked for 11 different medicines used for multiple

myeloma (Appendix A). Medication data confirmed 293 true positive cases.

Potentially missing cases were also checked for the medical procedures received by
patient and in which health care specialisation area the treatment was recorded. If the
procedure or the specialisation area referred to multiple myeloma, the case was con-
firmed as true positive. Patients were checked for procedure codes referring to chem-
otherapy, radiotherapy, stem cell transplantation and palliative care (Appendix B)
and specialisation areas referring to clinical haematology and oncology. Overall, 92
cases were identified as true positive cases based on procedure codes and 218 cases

were identified as true positive cases based on the health care specialisation area.

Next step in the completeness evaluation model checked missing cases against Kela
sickness allowance data for the ICD-10 code of the illness that the sickness allow-
ance was received for. If the diagnosis referred to multiple myeloma, the case was
confirmed as a true positive case. Data on sickness allowance confirmed 9 true pos-

itive cases.
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Number of visits to health centres and hospitals by a patient is useful information for
completeness evaluation. Hilmo and Avohilmo databases record each visit with an
ICD-10 diagnosis code, which allows studying how many visits patients have made
under multiple myeloma diagnosis code C90. Low number of visits under a specific
cancer diagnosis often indicates something else than a diagnosed cancer such as can-
cer suspicion or that more accurate information has been received about the cancer
and the registration process proceeds with the new diagnosis code. Patient with a
diagnosed cancer should have several visits to hospitals to determine that the patient
really has the target condition. All patients with three or more visits under C90 diag-
nosis code in Hilmo or Avohilmo were classified as true positive cases. This step

identified 168 cases.

Next, the FCR was checked for any other cancer types recorded for the potentially
missing individuals. If another cancer was registered and it referred to a metastatic
or advanced cancer, the Hilmo/Avohilmo record was assumed to be a metastasis of
the cancer recorded in the FCR. 158 cases were identified in this step and were ex-
cluded from the study. Similarly, the FCR was checked for potentially missing indi-
viduals for cause of death. If the cause of death was multiple myeloma, these patients
were identified as true positive cases with a missing C90 diagnosis in the FCR. This

step confirmed 7 cases.

After running the completeness evaluation model for multiple myeloma, the total
number of multiple myeloma cases in worst-case scenario, where all 204 uncon-
firmed cases are assumed to be missing from the FCR, is 2997. In the best-case sce-
nario, where all unconfirmed cases are assumed to be false positive cases that should
not be registered in the FCR, the total number of multiple myeloma cases is 2793.
Based on these results worst-case completeness estimate for multiple myeloma is

66.3% and best-case estimate 71.1%.
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4.1.2 Lung cancer

Total of 14 298 individuals with a diagnosis of lung cancer were retrieved from the
FCR and 15 701 individuals from Hilmo and Avohilmo in 2015 — 2019. 12 954 of
these individuals were registered in both registries, leaving 2747 cases identified
from Hilmo and Avohilmo, which were missing from the FCR. These 2747 individ-

uals were studied in more detail with other data sources available.

Lung cancer completeness evaluation model started by excluding cases registered to
the FCR already before 2015 for not belonging to the study period. 925 cases were
registered in the FCR already before year 2015. Next, the missing cases were
checked for matches of any solid tumour in the FCR. If a match was found in the
FCR, the Hilmo/Avohilmo diagnosis was defined as a metastasis of the cancer rec-
orded in the FCR. This step confirmed 245 non-cases. In 42 cases the pathology
report data in medical records referred to lung cancer confirming these cases as true
positive cases missing from the FCR. Pathology data also confirmed 178 non-malig-
nant cases, which were excluded from the study. For medication, data sources were
checked for 31 different medicines used to treat lung cancer (Appendix A). This step

confirmed 37 cases as true positive.

The next step was to check the medical procedure performed to the patient. Proce-
dure codes were checked for radiotherapy, chemotherapy, immunotherapy, and pal-
liative care as these are the standard treatment options for lung cancer. Data on med-
ical procedures confirmed 158 true positive cases. If the procedure referred to a met-
astatic cancer, the Hilmo/Avohilmo diagnosis was assumed to refer to a metastasis
and the case was excluded from the study. 61 patients were excluded from the study
based on the procedure performed. Next, patients were checked for the specialisation
area where they received treatment in. Diagnoses were checked for two specialisa-
tion areas: lung diseases and oncology. Specialisation area was able to confirm 279

cases as missing cases.
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Figure 3: Completeness of lung cancer in the Finnish Cancer Registry.
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13 patients had received sickness allowance for lung cancer and were confirmed as
true positive. 65 individuals had received sickness allowance for another cancer and
were excluded from the study. After this, the number of visits under diagnosis code
C34 in Hilmo/Avohilmo database was checked to separate cancer suspicions from
diagnosed cancer cases. This step confirmed 238 true positive cases. Finally, those
patients whose lung cancer diagnosis is missing from the FCR but are registered in
the FCR under a different cancer diagnosis were checked for another types of cancer
and cause of death. If another cancer was recorded to the patient and cancer stage
referred to a metastatic or advanced cancer, the Hilmo/Avohilmo record was as-
sumed to be a metastasis of the cancer recorded in the FCR. If the cause of death
referred to lung cancer, patient was confirmed as a true positive case. Another cancer

confirmed 130 non-cases and cause of death confirmed 24 cases and 100 non-cases.

The completeness evaluation model for lung cancer identified 15 341 lung cancer
cases in the worst-case scenario, where all 252 unconfirmed cases are assumed to be
missing from the FCR. In the best-case scenario, the total number of lung cancer
cases was 15 089. Based on these results worst-case estimate for completeness of

lung cancer was 93,2% and the best-case estimate was 94.8%.

4.2 Accuracy

Accuracy of lung cancer and multiple myeloma data in the FCR was evaluated using
three techniques; morphologically verified cases (MV%), death certificate only
(DCO%) and missing information analysis. To calculate the MV %, all cases where
basis of cancer diagnosis was microscopically verified were identified from the FCR
and compared to the total amount of cases registered. Out of 1987 multiple myeloma
cases registered in the FCR, 1427 cases were morphologically verified with MV%
of 71.8%. Of the 14 298 lung cancer cases registered, 11 807 were morphologically
verified with MV% of 82.6%.

DCO% refers to cases, where death certificate was the only evidence the FCR re-

ceived that the person has cancer and no other information of the cancer was
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received. To calculate the proportion of cases registered with death certificate only,
patients with DCO as the basis of their diagnosis were identified. Of the 1987 mul-
tiple myeloma cases registered in the FCR during 2015 -2019, 32 were registered
under death certificate only. This means that the DCO% of multiple myeloma was
1.6%. Out of the 14 298 lung cancer cases registered 352 cases were registered under

death certificate only with DCO% of 2.5%.

Missing information analysis technique involves studying the proportion of cases
registered with unknown values. Missing information was studied by reviewing the
proportion of cases with unknown information for the stage of cancer. For multiple
myeloma, 444 (22%) cases were registered in the FCR with unknown information of
the stage of cancer. For lung cancer, 6308 (44%) cases were registered in the FCR

with unknown stage of cancer.
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5 Discussion

The aim of this study was to evaluate data quality in Finland’s extensive health data
network with a particular focus on data quality in the Finnish Cancer Registry. The
aim was to study how data quality is assessed in the context of cancer registries and
to present relevant metrics to measure data quality. In data quality research data qual-
ity is often defined either by the ability of the data to meet the intended purpose set
by data consumers (Wang & Strong 1996) or as a measure of the condition of data
based on different data quality dimensions such as completeness, accuracy, con-
sistency, and timeliness (Blake & Mangiameli 2011). When data quality is defined
by fitness for use, the focus is set on the context of data use and its linkage to user
needs. Specifying a context also helps determine, which are the most useful data
quality dimensions to evaluate. Data quality is a multi-dimensional concept, which
includes both subjective and objective sides (Pipino et al. 2002). Subjective side
measures data quality from the view of data consumers’ needs and objective side
aims to ensure that the data is free of deficiencies that can interfere with its use. This
study deals with cancer registry data used for research, statistics and calculating can-
cer incidence, which sets a significant need for good data quality in an objective
sense. Thus, this study adopts a quantitative approach focusing on determining meas-
urable metrics for different data quality dimensions instead of focusing on data con-

sumers’ experience.

Data quality studies typically begin with defining the dimensions that are most suit-
able for the study. Once the most important data quality dimensions are known, each
dimension involves a set of methods that can be used for quality assessment. Accu-
racy, completeness, consistency, and timeliness are the most common data quality
dimensions in data quality research. These dimensions are also typical for assessing
the quality of health data (Weiskopf & Weng 2013). Accuracy refers to recording
data correctly, completeness to having all relevant data recorded, consistency to re-
cording the data in uniform format and timeliness to recording the data shortly after

it happens in real world.
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There are four key dimensions, which are used as a standard for evaluating data qual-
ity in cancer registries: completeness, accuracy, timeliness, and comparability (Bray
& Parkin 2009) where comparability refers to similar measurement as consistency
in health data quality assessment. In the context of cancer registries, completeness
means that all patients diagnosed with cancer are registered, accuracy that patient
information is registered correctly, comparability that data is registered uniformly
according to international standards and timeliness how soon after the initial diagno-
sis the data is available in the registry (Bray & Parkin 2009; Parkin & Bray 2009).
Each dimension introduces a set of different quantitative and qualitative techniques
that can be used for data quality assessment. For reasons explained in chapter 3,
accuracy and completeness were chosen as the most important data quality dimen-
sions to assess the quality of data in the Finnish Cancer Registry. Thus, two research
questions were set: “What is the level of data completeness in the Finnish Cancer
Registry for selected cancer types?” and “What is the level of accuracy in the

Finnish Cancer Registry for selected cancer types?”.

5.1 Answers to research questions

Question of the level of data quality is often followed by how the data quality com-
pares with others in the industry. As discussed in chapter 3, cancer registry data qual-
ity research is typically making conclusions on the quality of data by comparing the
quality metrics to what research has indicated as an expected value in the given cir-
cumstances (Bray and Parkin 2009). Therefore, the results of this study will be dis-
cussed in the context of prior research on the quality of data in the FCR and other

Nordic cancer registries.

Prerequisites for cancer registration are good in Finland due the use of unique per-
sonal identifier enabling data to be linked between data sources, legislation allowing
use of personal data for purposes other than the original purpose, mandatory report-
ing of cancer cases to a cancer registry and a long history of collecting and reporting

nationwide health data (Kajantie et al. 2006). Prior studies have suggested that the
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FCR has a high level of completeness and accuracy for solid tumours (Teppo et al.
1994; Leinonen et al. 2017). However, studies have indicated problems with regis-

tration of haematological malignancies.

5.1.1 Completeness

Completeness of data in the FCR was studied with independent case ascertainment
method. This means that one or more independent data sources were used to compare
the cancer registry data with. In this study, the comparison data was retrieved from
the the Care Register for Health Care (Hilmo), in the Register of Primary Health
Care Visits (Avohilmo), electronic health records from the data lakes of three catch-
ment areas for specialised medical care, and data on social benefits. Completeness
for lung cancer was 93.2% for worst-case estimate where all unconfirmed cases are
missing from the FCR and 94.8% for best-case estimate where all unconfirmed cases
are false positives. Completeness estimates for multiple myeloma were 66.3% and

71.1%, respectively.

In data completeness assessment of the FCR data in 1985 — 1988 by Teppo et al.
(1994) completeness of lung cancer was close-to-complete 99,7%, which was higher
than the completeness level of 94,8% in this study. There were 9046 lung cancer
cases registered in the FCR during that time and only 29 cases were solely found in
the hospital discharge registry, which preceded Hilmo. Completeness for multiple
myeloma was 91.1% in 1985 — 1988, which is significantly higher than 71.1% in this
study. However, for two reasons the 1985 — 1988 estimations are likely to be too
high. Hilmo has undergone some significant changes after 1988 and its data content
has been extended significantly. In 1985 — 1988 the registry data included only hos-
pitalisations, after which data on day-surgical procedures was added in 1994 and data
on specialised services in outpatient care in the public sector in 1998 (Leinonen et
al. 2016). In addition to the extended data content of Hilmo, this study also utilises
data on outpatient primary health care in Avohilmo registry, which has been col-
lected since 2011 (Aineistokatalogi n.d.). This extended data content available to be

utilised in 2015 — 2019 allows this study to detect more cases missed by the FCR
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compared to 1985 — 1988. Second reason for high completeness estimations in 1985
— 1988 especially in terms of multiple myeloma diagnoses is that the amount of clin-
ical cancer notifications completed by healthcare professionals has decreased signif-
icantly throughout the 21 century, even though the amount of cancer cases to be
notified has steadily increased during the same period of time (Finnish Cancer Reg-
istry n.d.). Based on the clinical cancer notification statistics by the Finnish Cancer
Registry, in 2020 clinical notification was only received for 36% of all cancer cases
registered, whereas before the 21% century clinical notification was typically re-
ceived for approximately 95% of registered cancer cases. The number of notifica-
tions is decreasing even though healthcare professionals have a statutory obligation
to notify all new cancer cases that come to their attention to the FCR (Lonnberg et
al. 2012). This trend in the number of cancer notifications means that the FCR re-
ceives less information on cases registered only clinically, such as multiple mye-
loma. During the study period of Teppo et al. in 1985 — 1988, 95% - 96% of cases
received a clinical notification, whereas during the study period of this study in 2015
—2019, 34% - 52% of cases received a clinical notification. This decreases the com-
pleteness of all cancers, but it especially affects the completeness of haematological
malignancies, such as multiple myeloma. Third reason why Teppo et al. study is not
directly comparable to this study is that the study did not include information regard-
ing which ICD-10 diagnoses were included in the completeness assessment. In terms
of lung cancer this causes problems with completeness estimations as some studies
also include trachea or the entire respiratory tract in lung cancer estimations. In terms
of multiple myeloma this does not cause problems as multiple myeloma estimations
typically only include ICD-10 diagnosis C90. Due to the missing ICD-10 specifica-
tions and having more data available to track missing cases, these results do not di-
rectly indicate significant decrease of completeness for lung cancer and multiple my-

eloma compared to the 1985 — 1988 data.
A study evaluating completeness of data in the FCR in 2009-2013 by Leinonen et al.

(2017) is a useful source of comparison for this study for two reasons. First, the study

period is close to the study period of this study, which decreases the effect of major
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changes to the data structure of the registries or to data classification and coding
practices between these studies. Moreover, the method used in the study, independ-
ent case ascertainment method with comparison to Hilmo, is similar to this study. In
the study by Leinonen et al. completeness for respiratory tract, including lung, was
97.2% and completeness for multiple myeloma was 81.6%. Completeness was
higher for both cancer types in 2009 — 2013 compared to 94.8% for lung cancer and
71.1% for multiple myeloma in 2015 — 2019. Lower level of completeness in this
study can be explained by the inclusion of outpatient primary health care data from
Avohilmo. Utilising more data sources means that this study is able to identify more
missed cases, which decreases the level of completeness. This does not mean that
the quality of the FCR is gradually decreasing, it means that more missed cases can
be identified compared to prior studies as the amount of data sources available in-
creases. Decreasing amount of clinical cancer notifications is likely to affect the level
of completeness between these two studies even though the study periods are closer
to each other as the number of clinical notifications has continued to decrease during
the last decade. During the study period 2009 — 2013 clinical notification was re-
ceived for 60% - 89% of the cases registered as opposed to 40 % - 52 % in 2015 —
2019. As the decrease in the number of clinical cancer notifications specifically af-
fects cancers that are typically not histologically verified, this explains the major
difference between completeness estimations for multiple myeloma between these
studies. Lower level of completeness for lung cancer in Leinonen et al. (2017) study
is also likely to be partly explained by the inclusion of cancers of the entire respira-
tory tract as opposed to inclusion of mere lung in this study. If other cancers of the
respiratory tract typically have high completeness, this increases the average level of

completeness in this group.

Chapter 2.3.3 covered that other Nordic national cancer registries provide a data
comparison opportunity for the FCR data quality assessment studies due to their
many similarities (Maret-Ouda et al. 2017). Data quality evaluation studies involving
comparable data quality metrics for this study have been conducted in the Cancer

Registry of Norway (CRN), the Icelandic Cancer Registry (ICR) and at the Swedish
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Cancer Registry (SCR) (Barlow et al. 2009; Larsen et al. 2009; Sigurdardottir et al.
2012). These studies have reported comparable, numerical indices of completeness
and accuracy for lung cancer and multiple myeloma, which allows comparison of

the results.

A study assessing completeness of data in the CRN in 2001 — 2005 evaluated com-
pleteness for lung cancer at 96.91% and for multiple myeloma at 95.45% (Larsen et
al. 2009). Lung cancer completeness in the CRN was slightly higher than lung cancer
completeness in this study, 94.8%. Completeness for multiple myeloma was signifi-
cantly higher in the CRN. The capture/recapture method used by Larsen et al. (2009)
included calculating the proportion of cases notified by either clinical notifications,
pathological notifications or death certificates that were also registered with at least
one other source. However, the study did not utilise any other independent data
sources to identify the number of cases missed by the registry. This explains higher
completeness of both cancer types in the CRN compared to this study. The study also
reported that during the study period 90.2% of the cases were registered with clinical
notifications, which is more than the 40% - 52% of cases in this study. This explains

the significantly higher level of completeness for multiple myeloma in the CRN.

The completeness of data in the ICR was assessed with independent case ascertain-
ment method with comparison to the Hospital Discharge Registry for the period
2000— 2001 (Sigurdardottir et al. 2012). Completeness for lung cancer was not re-
ported by the study and the completeness for multiple myeloma was 95.0%, which
is significantly higher than in this study. Inclusion of the outpatient primary health
care data in this study is likely to explain lower level of completeness in the FCR. It
is also likely that a small population of Iceland enables more effective search for
further information for missing cases, which increases the completeness of cancer

registration.

Completeness in the SCR was studied by comparing the registry data to the Hospital

Discharge Register data (Barlow et al. 2009). Completeness of lung cancer in the
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SCR in 1998 was 90.1%, which is slightly lower than lung cancer completeness in
this study. The study did not report completeness for multiple myeloma. The under-
reporting was reported to be notable especially for lung cancer in the elderly, which

explains the lower level of completeness for lung cancer.

The results show that the level of completeness for lung cancer and multiple mye-
loma is lower compared to most prior studies. However, this does not directly indi-
cate that the data quality in the FCR 1is decreasing. Lower level of completeness is
caused by the inclusion of more data sources, especially by the inclusion of the out-
patient primary health care data in Avohilmo, for identification of cases missed by
the cancer registry. Prior data quality assessment studies have not included outpatient
primary health care data, which means that this study was able to identify more miss-
ing cases than prior studies. It is likely that the inclusion of Avohilmo data explains
the lower level of completeness in this study to some extent and that the complete-

ness levels of prior studies are likely to have been too high.

The completeness of multiple myeloma has likely decreased even when not consid-
ering the effect of the Avohilmo data. Decrease in clinical cancer notifications ex-
plains the lower level of completeness for multiple myeloma to some extent, as the
cancer registry does not get enough information on cancers that are clinically veri-
fied. However, there are many aspects that make registration of haematological ma-
lignancies challenging and thus, lower level of completeness for multiple myeloma
compared to lung cancer was an expected result. Prior research has suggested that
underreporting is most prominent for cancers which are not typically histologically
verified such as multiple myeloma and other haematological malignancies (Leinonen
et al. 2017; Teppo et al. 1994). Challenges related to registration of haematological
malignancies also include slow progression of these cancers, recent changes in clas-
sification and diagnostic criteria of haematological malignancies, their tendency to
transform into other types of haematological malignancies and often not receiving
histological verification (Leinonen et al. 2016; Malila et al. 2019). Decreasing level

of completeness is an unexpected result since based on findings in chapter 2.3.2 data
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quality of cancer registry tends to gradually improve through wide utilisation and

active interest by collaborators (Bray & Parkin 2009).

5.1.2 Accuracy

Accuracy of data in the FCR was studied by calculating proportions for morpholog-
ically verified tumours (MV%), death certificate only registrations (DCO%) and
cases registered with unknown stage of cancer. Overall, 82.6% of lung cancers and
71.8% of multiple myeloma cases were morphologically verified. 2.5% of lung can-
cers and 1.6% of multiple myeloma cases were registered with death certificate only.
The proportion of cases registered with unknown stage of cancer was 44% for lung

cancer and 22% for multiple myeloma.

Establishing objective criteria for accuracy measures is difficult due to their sensi-
tivity to local circumstances. For instance, DCO% can be affected by the availability
of death certificates in a specific country, success in linking a record to the registry
database or the quality of cause-of-death statements (Bray & Parkin 2009). For their
sensitivity to local circumstances, accuracy measures are typically compared to the
expected value given the circumstances. According to Bray and Parkin (2009) accu-
racy is typically interpreted not merely based on its absolute value but by comparing
the value to what research has indicated as an expected value for accuracy given the

circumstances

A study evaluating accuracy of data in the FCR in 2009—- 2013 reported MV% of
82.4% for cancer of lung or trachea (Leinonen et al. 2017), which is close to this
study. DCO% was reported at 4.8%, which indicates slight improvement of accuracy
between these two studies. In 2009 — 2013 74.6% of multiple myeloma cases were
morphologically verified, which indicates small decrease of accuracy between these
studies. DCO% of multiple myeloma in 2009 — 2013 was 12.1%. Comparison to the
1.6% of this study reveals that there has been a significant improvement to the level
of accuracy and higher proportion of multiple myeloma cases is now identified dur-

ing the lifetime of patients.
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The MV% was slightly lower than in other Nordic cancer registries. In 2001-2005,
MV% in the CRN was 90.4% for lung cancer and 97.2% for multiple myeloma
(Larsen et al. 2009). In 2008 — 2012, the MV% for lung cancer in the CRN had
decreased closer the MV% in the FCR and was 87.7% in men and 87.1% in women
(Bray et al. 2017). In the ICR MV% was 94.1% for lung cancer and 99.1% for mul-
tiple myeloma (Sigurdardottir et al. 2012).

Table 4: Proportion of morphologically verified cases in Nordic cancer registries.

Finnish Cancer Finnish Cancer Cancer Registry Icelandic Cancer
Site Registry Registry of Norway Registry
2015-2019 2009-2013 2001 - 2005 2005 - 2009
Lung 82.6% 82.4% 90.4% 94.1%
Multiple myeloma 71.8% 74.6% 97.2% 99.1%

DCO% presents slight improvement compared to 2009-2013 data and alignment
with other Nordic registries. In 2001— 2005, the DCO% in the CRN was 1.5% for
lung cancer and 1.8% for multiple myeloma (Larsen et al. 2009). In the ICR DCO%
was 0.4% for lung cancer and 0.9% for multiple myeloma (Sigurdardottir et al.

2012).

Table 5: Proportion of death certificate only registrations in Nordic cancer registries.

Finnish Cancer Finnish Cancer Cancer Registry Icelandic Cancer
Site Registry Registry of Norway Registry
2015-2019 2009-2013 2001 - 2005 2005 - 2009
Lung 2.5% 4.8% 1.5% 0.4%
Multiple myeloma 1.6% 12.1% 1.8% 0.9%

Missing information on stage is a common problem in cancer registries (Eisemann

et al. 2011). The proportion of cases with unknown information for the stage of
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cancer was 22% for multiple myeloma and 44% for lung cancer. High proportion of
missing information on stage can cause bias for statistical analyses and interpreta-
tions based on the FCR data. Missing information on stage can create difficulties
especially for assessment of effectiveness of early detection programmes and cancer
survival estimations as a high stage of cancer is typically associated with lower sur-
vival (Di Girolamo et al. 2018). High percentage of unknown values for stage can
result from several different reasons. The stage may not be known at the time of
diagnosis and thus, the case is reported as unknown to the cancer registry (Eisemann
et al. 2011). Staging information can also be unknown due to incomplete staging
assessment and errors in coding the stage (Di Girolamo et al. 2018). The FCR re-
ceives staging information at the time of diagnosis via clinical cancer notifications
(Finnish Cancer Registry n.d.). Thus, the decreasing number of clinical notifications
can also affect the proportion of missing staging information at the cancer registry.
According to the Finnish Cancer Registry, staging information was missing in over

60% of cases registered in 2019 (Finnish Cancer Registry 2021).

5.2 Relevance of the study

The ability of a cancer registry to carry out its main responsibilities relies heavily on
the quality of its data (Bray & Parkin 2009). The main responsibilities of cancer
registries include cancer surveillance, research, statistics, and cancer control pro-
grams. Good quality of data ensures that observations related to them are meaningful,
whereas poor quality of data can limit the usefulness of this data. This study aims to
provide an understanding of the data quality in the FCR for its data consumers and
to present different data sources that hold information on cancer. Data consumers
can take this information on the quality of data in the FCR into account when making

observations based on the FCR data.

According to Ehsani-Moghaddam et al. (2021), high levels of data quality should not
be expected to last forever, but instead the quality should be regularly reassessed in
an iterative manner to ensure that high levels of data quality are sustained. According

to Teppo et al. (1994), regularly performed systematic quality control measures to
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ensure high levels of data quality should be a routine practice in a cancer registry.
This study participates in this iterative reassessment of data quality in the FCR to
ensure that high levels of data quality are sustained. According to Bray and Parkin
(2009), active interest by research and wide utilisation of cancer registry data tend to
improve the quality of data in the cancer registry. If registry data is widely used, it is
more likely that quality problems are identified. The better the quality of data is in a
cancer registry, the better the possibilities of effectively utilising the data in health
planning and research. As certain data quality problems were identified in this study,
it is possible to take actions on solving these problems. For instance, actions can be

taken to increase the awareness of the importance on clinical cancer notifications.

Cancer registration is greatly beneficial to society. Sufficient level of data quality is
important for the FCR to be able to execute its main tasks of cancer surveillance,
cancer control programs, research, and statistics. The FCR provides information to
decision-makers and healthcare professionals, who use this data, for example, to
make predictions on the amount of resources needed for healthcare in the future. To
make effective decisions, it is essential that the quality of data is good. Cancer reg-
istry data is extensively used for scientific research, and it is important that the results

are based on good quality data.

5.3 Evaluation of the study

Register-based research has both strengths and limitations compared to other re-
search approaches. A significant strength of a register-based study is that utilisation
of existing real-world datasets does not require new data collection or participant
recruitment (Thygesen & Ersbell 2014). Collecting new research data is often time
consuming and expensive and recruitment of research participants can be difficult.
Register-based research allows to study topics that would not be feasible to study

otherwise or that would be very expensive to carry out (Kajantie et al. 2006).

Another strength of register-based research is their large sample size and great sta-

tistical power (Thygesen & Ersbell 2014). As registries used in this study have a
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nation-wide coverage, it is representative of the entire population. Representative-
ness of the entire population allows this thesis to study a relatively small sub-popu-
lation of people with a rare cancer. This minimises the effect of selection bias, which
is often a problem with other research methodologies due to non-response and loss
to follow-up (Thygesen & Ersbell 2014). In register-based studies collection of data

has also been done independently of the study, which reduces various types of bias.

A major limitation of register-based studies is that the data has typically not been
gathered for research purposes (Finnish Information Centre for Register Research,
n.d.). Administrative data, medical records, and cancer registries have different pur-
poses for data collection. The FCR data is collected for research purposes, but other
data sources used in this study are not primarily collected for research, which pre-
sents a limitation for this study. Unpredicted problems and unexpected questions of-
ten arise when working with existing data compared to when the data has been spe-
cifically collected for certain research purpose. For instance, the data can differ from
researcher’s prior expectations on the content of data, and this may lead to changes

in the setting of the study (Kajantie et al. 2006).

One of the limitations of register-based research is that as registry data is pre-col-
lected, necessary data may be unavailable (Thygesen & Ersbell 2014). Therefore, it
only suits to testing hypotheses for which data already exists or can be constructed
from existing data. Because the content of the registry is given, the research ques-
tions need to be formulated so that they take the content of the registry into account
(Kajantie et al. 2006). In register-based research, the study is limited to variables

included in the registry and the level of detail used in the registry.

Some limitations should be incorporated into the interpretation of the findings of this
study. The data used in this study covers the FCR data only from 2008 onwards.
Therefore, there is a possibility that a diagnosis retrieved from Hilmo/Avohilmo in
2015 - 2019 seems to be missing from the FCR because it has been recorded before

year 2008 for the first time. This should not cause significant bias in completeness
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estimates for lung cancer, because 5-year survival rates for lung cancer are low or
the cancer is cured during that time. However, in terms of multiple myeloma it is
possible, in principle, that a patient diagnosed before 2008 still has multiple myeloma
related hospital visits in Hilmo in 2015 — 2019. This can affect data quality estima-

tions and should be acknowledged as a limitation.

Medical records used as a data source in this study do not cover the entire country,
which forms a geographical limitation to this study. Medical records used in this
study cover three catchment areas for specialised medical care in Finland: Helsinki,
Turku, and Kuopio. This leaves out many hospitals in Finland that provide cancer
treatment. Medical records were used to help determine true positive cases based on
pathology reports and medication, which can lead to improved confirmation of cases

in these geographical areas.

5.4 Future research

Data on outpatient primary health care visits has not been used as a source of com-
parison in prior research but the results show that the inclusion of this data seems to
have a significant effect on the data quality evaluations. Based on the results of this
study, including as many additional independent data sources as possible seems to
be beneficial for cancer registry data assessment and to reveal missing cases that
have not been identified by earlier studies. Medical records and data on social bene-
fits also had an impact on the results as the study did not need to rely on administra-
tive data only. Administrative data has not been primarily collected for research,
which affects the quality of this data. Medical records and data on social benefits
were able to identify many inaccurate values in the administrative data in Hilmo and

Avohilmo and correct them as non-cases.

This study evaluated that a major reason behind low levels of completeness for mul-
tiple myeloma is the decreasing number of clinical cancer notifications. Earlier re-
search has shown that this problem does not only consider multiple myeloma, but

most haematological malignancies. The reason behind the decreasing number of
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clinical notifications has not been investigated. To better understand reasons behind
data quality problems in cancer registries, qualitative research investigating the bar-
riers of sending clinical cancer notifications would be beneficial. This would provide
more information whether the issue is in something that cannot be directly affected,
such as the lack of time for completing notifications, or in something that the cancer
registry can affect, such as increasing the awareness of the importance of the notifi-

cations or improving the process of delivering them.

International cancer registry research is typically highly focused on four data quality
dimensions: completeness, accuracy, timeliness, and comparability. During 2020 —
2022 Statistics Finland has published a data quality framework introduced in chapter
2.1 which is specific to Finnish public data resources and has been developed by
registry authorities. Future research utilising registry data, especially in the Finnish
context, could utilise this data quality framework more profoundly. As discussed in
chapter 2, this framework has acknowledged many dimensions that have not been
discussed by other common frameworks, such as data traceability, portability, and

understandability of metadata.

The literature review of this study introduced that data quality is a multi-dimensional
concept, which has both objective and subjective side. Cancer registry research is
typically focused on the objective side of data quality because cancer registry users
use this data for statistics, research, cancer surveillance and many other purposes that
require accurate, quantitative information. However, in terms of understanding the
data quality problems in cancer registration, qualitative research on the data flow
process can be beneficial. This way the data quality problems that take place already
in the data entry process could be tracked and other disturbances in the data flow
between clinicians and cancer registries could be identified. By studying health reg-
istry notification process from the user’s perspective, research could try to identify
whether the quality of data could be improved through enhancing the notification

process and the data entry process.
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6 Conclusions

This thesis assessed data completeness and accuracy in the Finnish Cancer Registry
(FCR) for lung cancer and multiple myeloma in 2015 - 2019. Completeness for lung
cancer was 93,2% in the worst-case estimate where all unconfirmed cases are con-
sidered as true positive cases missing from the cancer registry and 94,8% in the best-
case estimate where all unconfirmed cases are considered as false positives and thus,
either incorrectly recorded in Hilmo/Avohilmo or not applicable to the study popu-
lation. Completeness for multiple myeloma was 66.3% and 71.1%, respectively. Ac-
curacy was assessed by calculating the MV%, DCO% and the proportion of cases
with missing values for cancer stage. MV% was 82.6% for lung cancer and 71.8%
for multiple myeloma. DCO% was 2.5% for lung cancer and 1.6% for multiple my-
eloma. Information on cancer stage was missing in 44% of lung cancer cases and in

22% of multiple myeloma cases.

Completeness estimates in this study were lower compared to most prior cancer reg-
istry studies in the FCR and in other Nordic cancer registries. The level of complete-
ness was significantly lower for multiple myeloma and slightly lower for lung can-
cer. This study differs from prior studies in the amount of data sources used to iden-
tify cancer cases missed by the registry and to confirm missing cases. The main dif-
ference to prior studies was the use of outpatient primary health care data in Avo-
hilmo in addition to data on inpatient and specialised care, which has typically been
used in cancer registry studies. Due to the use of Avohilmo data more cases missing
from the cancer registry were identified, which decreased the level of completeness
compared to earlier studies. This does not directly indicate that the data quality in
the FCR is decreasing, but that it is likely that there has always been a certain share
of missing cancer cases that have not been identified in earlier research without uti-
lisation of outpatient primary health care data. These patients may be for instance
asymptomatic patients who are not treated for cancer. Thus, the completeness esti-

mates are likely to have been too high in earlier research.
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Completeness of multiple myeloma is likely to have decreased due to the decrease
in clinical cancer notifications even when not considering the effect of Avohilmo
data. The number of clinical notifications of cancer cases to the FCR has been de-
creasing for decades. As notifications of multiple myeloma cases typically are re-
ceived this way, this continuously decreases the level of completeness for multiple
myeloma. Lower completeness for multiple myeloma is also caused by challenges
related to registration of haematological malignancies. To improve completeness of
data, efforts should be made to enhance the data flow between clinicians and cancer
registry and to ensure that all parties involved in cancer registration acknowledge the
value of sending cancer notifications and that there is a statutory obligation to notify

all cancer cases.

Based on the results of this study, including as many independent data sources as
possible seems to be beneficial for cancer registry data assessment and to reveal cases
that have not been identified by earlier studies. In addition to the effect of Avohilmo
data, utilising medical records and data on social benefits had an important impact
on the results of the data assessment. This ensured that the study did not need to rely
on administrative data only, which is not primarily collected for research. Medical
records and data on social benefits were able to identify many cases identified in

Hilmo/Avohilmo as non-cases.
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A. Medication

Table Al: Medication for multiple myeloma

Name
cyclophosphamide
melphalan
elotuzumab
daratumumab
bortezomib
carfilzomib
ixazomib
thalidomide
lenalidomide
pomalidomide
panobinostat

ATC

LO1AAO1

LO1AAO03

LO1XC23

L01XC24
LO1XX32/L01XGO01
LO1XX45/L01XG02
LO1XXS50/L01XGO03
L04AX02

L04AX04

L04AX06

LO1XX42 /L01XHO03
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Table A2: Medication for lung cancer

Name

cyclophosphamide

ifosfamide
lomustine
methotrexate
pemetrexed
gemcitabine
vinorelbine
etoposide
paclitaxel
docetaxel
doxorubicin
epirubicin
cisplatin
carboplatin
bevacizumab
nivolumab
pembrolizumab
ramucirumab
durvalumab
atezolizumab
gefitinib
erlotinib
afatinib
crizotinib
dabrafenib
trametinib
osimertinib
alectinib
brigatinib
lorlatinib
topotecan

ATC

LO1AAO1

LO1AA06

LO1ADO2

LO1BAO1

LO1BAO4

LO1BCO05

LO1CA04

LO1CBO1

LO1CDO1

LO1CDO02

LO1DBO1

LO1DB03

LO1XAO01

LO1XA02

LO1XC07

LO1XC17

LO1XC18

LO1XC21

LO1XC28

LO1XC32

LO1XEO2 /LO1EBO1
LOIXEO3 /LO1EBO2
LOIXE13/LO1EBO3
LOIXE16/LO1EDO1
LO1XE23/LO1EC02
LO1XE25/LO1EEO1
LO1XE35/LO1EB04
LOIXE36/LO1EDO3
LO1XE43 /LO1ED0O4
LO1XE44 / LO1EDO5
LO1XX17/LOICEO1
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B. Procedure codes

Procedure codes for multiple myeloma

Chemotherapy

WB

WD

Radiotherapy

WA
WFO
ZX0

Stem cell transplantation

WW300
WWwW302
WWwW304
WW306
WW310
YNBI0
YNBI12
YNB20
YNB40
YNB42
YNB44
WW3500
WWw400
Ww402
Ww409

ICD-10

751.0 Encounter for antineoplastic radiation therapy

Z51.1 Encounter for antineoplastic chemotherapy and immunotherapy
751.5 Encounter for palliative care
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Procedure codes for lung cancer
Radiotherapy

WA
WEFO0

Chemotherapy

WB
WD

ICD-10
751.0 Encounter for antineoplastic radiation therapy

751.1 Encounter for antineoplastic chemotherapy and immunotherapy
751.5 Encounter for palliative care
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C. Extended morphology codes

Table C1: Morphology codes for multiple myeloma (Gavin et al. 2015)

Diagnosis

Morphology codes
referring to the diag-
nosis

Morphology codes probably referring to
the same tumour as the first diagnosis

Morphology codes referring to
potential transformation of the
first diagnosis

Solitary
plasmacytoma
of bone

Plasma cell
myeloma

Plasma cell
leukemia

Extraosseous
plasmacytoma

9731/3

9732/3

9733/3

9734/3

9671/3,9734/3, 9735/3, 9761/ 3, 9762/3

9671/3,9731/3,9734/3,9735/3, 9761/3,
9762/3

9671/3,9731/3,9732/3, 9734/3, 9735/3,
9761/3,9762/3, 9800/3, 9801/3, 9820/3

9671/3,9731/3,9735/3,9761/3, 9762/3
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9733/3

9732/3,9733/3



