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Summaries 
 

Abstract 

 
Surveillance bias occurs when variations in the frequency of a health condition 

result from differences in the modality or intensity of detection, rather than actual 

changes in its underlying risk. These differences often arise from variations in 

detection, screening, and diagnostic strategies over time or across populations, 

care settings, and types of patients. As a result, surveillance indicators, such as 

disease incidence or quality-of-care metrics, are biased, leading to 

misinterpretations and potentially wrong public health decisions. This bias can also 

lead to incorrect estimates of the association between an exposure and a health 

condition due to differences in detection modalities of outcomes across exposure 

subgroups. Despite the widespread recognition of surveillance bias, a precise and 

accepted definition, as well as estimates of its magnitude in different settings, are 

still lacking. 

Therefore, the overarching goal of my PhD thesis was to clearly define and describe 

surveillance bias and provide quantitative estimates of its magnitude. To achieve 

this, we pursued three specific aims: (1) to define surveillance bias, identify 

contexts and situations in which it occurs, describe its causes and consequences, 

and how to prevent it (Chapter 4); (2) to describe and estimate the magnitude of 

surveillance bias in COVID-19 (Chapter 5); and (3) to describe and estimate the 

magnitude of surveillance bias in cancer (Chapter 6).  

 

Chapter 4: Overview and definition of surveillance bias 

 

In Chapter 4, we explained the concept of surveillance bias and identified several 

situations where it occurs, including the assessment of the severity of COVID-19 

epidemic waves, the evaluation of quality-of-care indicators, and the interpretation 

of cancer trends, chlamydia incidence or hypertension prevalence. Through these 

examples, we showed how surveillance bias influences trends in different ways and 

arises from multiple factors, including changes in testing intensity—as observed in 

COVID-19 surveillance and quality-of-care metrics—, changes in screening 

practices, as in cancer; shifts in diagnostic thresholds, as in hypertension; or 

variations in reporting completeness, notably in chlamydia surveillance. In this 

chapter, we also outlined strategies to reduce the effect of surveillance bias, like 

analyzing trends accounting for screening and diagnostic processes, favoring 

indicators less exposed to surveillance bias, or standardizing disease definitions. 

 

Chapter 5: Surveillance bias in COVID-19 

 

In Chapter 5.1, we described the spread of SARS-CoV-2 in Switzerland between 

2020 and 2021. We estimated seroprevalence trends through the nationwide study 

Corona Immunitas and provided estimates for eleven Swiss cantons across three 

different periods (May–Oct 2020, Nov 2020–mid-May 2021, and mid-May–Sep 
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2021) of the pandemic and for various age groups. These estimates were used for 

the study described in the next chapter. 

In Chapter 5.2, we used seroprevalence estimates and three other COVID-19 

indicators (cases, hospitalizations, deaths) retrieved from the Federal Office of 

Public Health to estimate surveillance bias in the assessment of the severity of 

COVID-19 epidemic waves in the canton of Fribourg, Switzerland. We found that 

no single indicator was free from surveillance bias. The number of cases was highly 

biased, underestimating the magnitude of epidemic waves, especially during the 

first phases of the pandemic. Hospitalizations and deaths provided more consistent 

estimates of wave severity over time, but they were also affected by surveillance 

bias. Seroprevalence, initially the least biased indicator, became more biased in 

later stages due to widespread vaccination, as changes in seroprevalence reflected 

both the epidemic spread and vaccine-induced immunity.  

In Chapter 5.3, we built on insights from the previous studies to describe how 

different types of COVID-19 surveillance—at both the population and healthcare 

provider levels—are impacted by surveillance bias and how this influences data 

interpretation and health policy decisions. We showed the advantages and 

disadvantages of these surveillance tools and argued that population-based 

indicators are less affected by surveillance bias compared to diagnosis-based 

indicators.  

 

Chapter 6: Surveillance bias in cancer 

 

In Chapters 6.1 and 6.2, we presented two narrative reviews on how surveillance 

bias occurs in scrutiny-dependent cancers, how it relates to screening and 

overdiagnosis, and how it can be identified using epidemiological signatures of 

cancer. We described the cases of thyroid, prostate, melanoma, breast, and kidney 

cancers, as well as the impact of surveillance bias on identifying certain risk factors 

such as obesity, sex, and socioeconomic status. Using incidence and mortality 

trends for prostate, melanoma, and lung cancers in Switzerland, we also 

demonstrated how cancer epidemiological signatures can help detecting 

surveillance bias and correctly interpreting cancer trends. 

 

In Chapter 6.3, we provided numeric estimates of surveillance bias in prostate 

cancer, melanoma, and lung cancer in Switzerland using incidence and mortality 

trends from 1989 to 2021. We found that the bias for prostate cancer changed 

substantially since 1989, being moderate between 1989 and 2004, low between 

2004 and 2011, and high between 2011 and 2021. The bias was high for melanoma 

across the entire study period 1989–2021. For lung cancer, surveillance bias was 

moderate over the entire period, and consistently lower compared to the other two 

cancers. In stage-specific analyses, surveillance bias tended to be greater for 

cancers diagnosed at earlier stages than for those diagnosed at later stages. 

 

In conclusion, we assessed surveillance bias across different diseases and 

contexts, explored its causes, and described possible strategies to prevent it. We 

showed that the bias was substantial for certain indicators, such as the number of 

COVID-19 cases or cancer incidence for specific types of cancer, providing 
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estimates of its magnitude. Accurately measuring surveillance bias proved 

challenging, mainly due to the multiplicity of external factors influencing health 

indicators, which were difficult to consider all at once. Nonetheless, our work 

contributes to paving the way for more comprehensive and accurate methods to 

quantify surveillance bias, while also fostering awareness and advocating for 

methodological improvements.  



 
6 

 

  



 
7 

 

Résumé 

 
Le biais de surveillance se produit lorsque des variations dans la fréquence d’un 

événement résultent de différences dans la modalité ou l’intensité de sa détection, 

plutôt que de véritables changements dans son risque sous-jacent. Ces différences 

surviennent souvent en raison de variations dans les stratégies de détection, de 

dépistage et de diagnostic au fil du temps ou entre différentes populations, 

contextes de soins et types de patients. Par conséquent, les indicateurs de 

surveillance, tels que l’incidence des maladies ou les mesures de qualité des soins, 

peuvent être biaisés, entraînant des interprétations erronées et des décisions de 

santé publique incorrectes. Ce biais peut également fausser les estimations de 

l’association entre une exposition et un événement en raison de différences dans 

les modalités de détection des événements entre les sous-groupes exposés. Bien 

que le biais de surveillance soit largement reconnu, une définition précise et 

acceptée de ce biais, ainsi que des estimations de son ampleur dans différents 

contextes, restent encore à établir. 

Ainsi, l’objectif principal de ma thèse de doctorat était de définir le biais de 

surveillance et de fournir des estimations de son impact. Pour cela, nous avons 

poursuivi trois objectifs spécifiques : (1) définir le biais de surveillance, identifier 

les contextes et les situations dans lesquels il survient, en décrire les causes et les 

conséquences, ainsi que les moyens de le prévenir ; (2) estimer l’ampleur du biais 

de surveillance dans le cadre du COVID-19 ; et (3) estimer l’ampleur du biais de 

surveillance dans le cadre du cancer. Ces objectifs sont présentés dans trois 

chapitres principaux : 

 

Chapitre 4 : Vue d’ensemble et définition du biais de surveillance 
 

Dans le chapitre 4, nous expliquons le concept de biais de surveillance et 
identifions plusieurs situations dans lesquelles il se produit, notamment dans 
l’évaluation de la gravité des vagues épidémiques de COVID-19, l’évaluation des 

indicateurs de qualité des soins et l’interprétation des tendances de l’incidence du 
cancer, de la prévalence de l’hypertension et des taux d’infection de chlamydia. À 

travers ces exemples, nous montrons comment le biais de surveillance peut 
influencer les tendances de manière différente, et résulter de multiples facteurs, 
tels que les variations de l’intensité du dépistage - comme observé dans la 

surveillance du COVID-19 et les indicateurs de qualité des soins -, les changements 
dans les pratiques de dépistage, comme pour le cancer ; les modifications des 

seuils diagnostiques, comme pour l’hypertension ; ou encore les variations dans 
l’exhaustivité des déclarations, notamment pour la chlamydia. Dans ce chapitre, 
nous présentons également des stratégies visant à atténuer l’effet du biais de 

surveillance, telles que l’analyse des tendances en tenant compte des processus 
de dépistage et de diagnostic, l’utilisation d’indicateurs moins exposés à ce biais, 

ou la standardisation des définitions des maladies. 
 
Chapitre 5 : Biais de surveillance dans le COVID-19 

 
Dans le chapitre 5.1, nous décrivons la diffusion réelle du SARS-CoV-2 en Suisse 

entre 2020 et 2021. Nous avons estimé les tendances de la séroprévalence grâce 
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à une étude nationale appelée Corona Immunitas, et avons fourni des estimations 

pour onze cantons suisses à trois périodes distinctes de la pandémie et pour 
différents groupes d’âge. Ces estimations ont été utilisées pour l’étude présentée 

dans le chapitre suivant. 
 
Dans le chapitre 5.2, nous utilisons les estimations de la séroprévalence ainsi que 

trois autres indicateurs du COVID-19 (cas, hospitalisations, décès), issus de l’Office 
fédéral de la santé publique, afin d’évaluer le biais de surveillance dans le canton 

de Fribourg. Nous avons constaté qu’aucun indicateur n’était exempt de biais de 
surveillance. Le nombre de cas était fortement biaisé, en particulier durant les 
premières phases de la pandémie. Les hospitalisations et les décès offraient des 

estimations plus cohérentes de la sévérité des vagues épidémiques au fil du temps, 
mais étaient également influencés par ce biais. La séroprévalence, initialement 

l’indicateur le moins biaisé, est devenue plus sujette au biais dans les phases 
ultérieures, en raison de la vaccination. 
 

Dans le chapitre 5.3, nous approfondissons les résultats des études précédentes 
pour décrire comment différents types de surveillance du COVID-19—tant au 

niveau de la population qu’au niveau individuel—sont affectés par le biais de 
surveillance et comment cela influence l’interprétation des données et les décisions 

en matière de santé publique. Nous montrons les avantages et inconvénients de 
ces outils de surveillance et démontrons que les indicateurs basés sur la population 
sont moins affectés par le biais de surveillance que ceux basés sur les diagnostics 

individuels. 
 

Chapitre 6 : Biais de surveillance dans le cancer 
 
Dans les chapitres 6.1 et 6.2, nous présentons deux revues narratives sur la 

manière dont le biais de surveillance affecte les « scrutiny-dependent cancers », 
comment il est lié au problème du surdiagnostic et comment il peut être identifié 

à l’aide de signatures épidémiologiques du cancer. Nous abordons les cas des 
cancers de la thyroïde, de la prostate, du mélanome, du sein et du rein, ainsi que 
l’impact du biais de surveillance sur l’identification de certains facteurs de risque 

tels que l’obésité, le sexe et le statut socio-économique. En utilisant les tendances 
d’incidence et de mortalité en Suisse pour le cancer de la prostate, le mélanome 

et le cancer du poumon, nous démontrons également comment les signatures 
épidémiologiques du cancer peuvent être utilisées pour détecter le biais de 
surveillance et interpréter correctement les tendances du cancer. 

 
Dans le chapitre 6.3, nous avons fourni des estimations numériques du biais de 

surveillance pour le cancer de la prostate, le mélanome et le cancer du poumon en 
Suisse, en utilisant les tendances d'incidence et de mortalité de 1989 à 2021. Nous 
avons observé que le biais pour le cancer de la prostate a changé de manière 

significative depuis 1989 : il était modéré entre 1989 et 2004, faible entre 2004 
et 2011, et élevé entre 2011 et 2021. Le biais était élevé pour le mélanome sur 

l’ensemble de la période étudiée (1989–2021). Pour le cancer du poumon, le biais 
de surveillance était modéré durant toute la période, et systématiquement plus 
faible que pour les deux autres cancers. Dans les analyses par stade, le biais de 

surveillance tendait à être plus important pour les cancers diagnostiqués à un stade 
précoce que pour ceux diagnostiqués à un stade plus avancé. 
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En conclusion, nous avons évalué le biais de surveillance dans différents contextes 

et pour plusieurs maladies, exploré ses causes et décrit des stratégies possibles 

pour le prévenir. Nous avons montré que ce biais pouvait être important pour 

certains indicateurs, tels que le nombre de cas de COVID-19 ou l’incidence de 

certains types de cancer, en fournissant des estimations de son ampleur. Mesurer 

précisément le biais de surveillance s’est révélé difficile, principalement en raison 

de la multiplicité des facteurs externes influençant les indicateurs de santé, 

lesquels sont difficiles à prendre en compte simultanément. Notre travail contribue 

à ouvrir la voie à des méthodes plus complètes et plus précises pour quantifier le 

biais de surveillance, tout en sensibilisant à ce biais et en promouvant des 

améliorations méthodologiques. 
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Chapter 1 | Introduction 
 
“What gets measured, gets done.”  

 

This well-known old cliché, with no clearly identifiable source, highlights the 

importance of measuring and monitoring to gather information needed for action. 

In public health, surveillance and monitoring of population health and well-being 

have a crucial role, and are among the WHO's 12 essential public health functions 

(World Health Organization, 2024). However, they can be hindered by several 

biases, which need to be examined and addressed to make appropriate public 

health decisions.  

 

This thesis focuses on a specific type of bias: surveillance bias. This bias occurs 

when variations in the frequency of an outcome result from differences in the 

modality or intensity of detection, rather than actual changes in its underlying risk. 

To fully understand the concept of surveillance bias, it is important to first clarify 

what public health surveillance is, how it works, and what its main objectives are. 

This also includes exploring the tools used in surveillance, understanding their 

limitations and discussing potential biases. These topics will be covered in this 

introduction to provide the necessary background for the rest of the thesis. 

 

What is public health surveillance? 
 

Public health surveillance is the ongoing, systematic collection, analysis, and 

interpretation of health data essential to the planning, implementation, and 

evaluation of public health practice and closely integrated with the timely 

dissemination of this information to guide decisions and actions in public health  

(Porta et al., 2014; Thacker & Berkelman, 1988).  

 

Terms such as "population health monitoring" or "public health monitoring" are 

often used alongside "public health surveillance" to describe the same processes. 

However, there is no clear consensus on the precise use of these terms or the 

context in which they should be applied. In this thesis, the terms "population health 

monitoring," (Verschuuren & van Oers, 2020) "public health monitoring," 

(European Public Health Association, 2025)   and "public health surveillance" will 

be used interchangeably.  

 

Historical foundations  
 

One of the earliest examples of public health surveillance dates back to 1662, when 

John Graunt, an English draper, analyzed death records kept by London parishes 
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since 1532 (Declich & Carter, 1994; Morabia, 2013). Graunt analyzed 50 years of 

weekly data and condensed them into clear and tables, transforming disorganized 

data into usable information (Figure 1). By analyzing mortality trends, Graunt 

revealed patterns in annual deaths from diseases like tuberculosis and linked 

sporadic plague outbreaks to environmental factors.  

 

 

Figure 1 The table of casualties from Graunt’s manuscript. 

Another significant figure in the history of public health surveillance is Johann Peter 

Frank. In 1766, Frank proposed a broad approach to public health surveillance 

through his system of "police medicine" in Germany. This system included areas 

like school health, injuries, maternal and child health, and public water and sewage 

systems (Declich & Carter, 1994; Thacker & Berkelman, 1988).  

Later, William Farr, an English statistician regarded as the father of modern 

surveillance, developed the first national vital statistics system and ensured its use 

as a public health tool (Declich & Carter, 1994; Lilienfeld, 2007). By categorizing 

causes of death and calculating death rates relative to population size, he allowed 

meaningful comparisons across different regions and time periods, laying the 

groundwork for modern surveillance methods. 

While these examples reflect the scope of public health surveillance, i.e. monitoring 

to inform decision-making, the term "surveillance" in public health was, until 1950, 

primarily used to refer strictly to infectious diseases. Specifically, it referred to 

tracking contacts of infectious diseases, like smallpox, to detect symptoms early 

and ensure prompt isolation (Thacker & Berkelman, 1988). In 1963, the concept 
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of surveillance was broadened to include population-wide monitoring of 

communicable diseases by Alexander Langmuir, an American epidemiologist 

(Langmuir, 1963). It was only in 1968 that the World Health Assembly further 

expanded the concept of surveillance to encompass a broader range of public 

health issues beyond communicable diseases (Thacker & Berkelman, 1988). 

 

Conceptual framework  
 

The ultimate goal of public health surveillance is to use health data to inform and 

prompt public health action. Achieving this goal requires raw data to be collected, 

analyzed, and transformed into actionable information and knowledge. A 

conceptual framework used to illustrate this progression is the Data, Information, 

Knowledge, and Wisdom (DIKW) pyramid, first described by Ackoff in 1989 

(Ackoff, 1989). At the base of this “information pyramid,” are data. In the second 

tier, data are processed into usable information, such as health indicators. The 

next tier of the pyramid is knowledge, which emerges when indicators are 

contextualized within a broader and policy-relevant framework. This involves 

integrating indicator data with evidence from fields such as health services 

research, health promotion, clinical medicine, and sociology, allowing for a deeper 

understanding of them (Chiolero & Buckeridge, 2020). At the top of the pyramid 

lies wisdom, which reflects the capacity to make well-informed policy decisions 

based on the accumulated knowledge. Surveillance bias occurs when information 

is translated into knowledge: if variations in health indicators are not interpreted 

in light of changes in detection, screening, or diagnostic strategies, the resulting 

knowledge may be biased, leading to flawed policy decisions. 

Recently, revisions to the DIKW pyramid have been proposed, suggesting de-

emphasizing the concept of wisdom and introducing "evidence" as a new step 

between information and knowledge. This updated framework, referred to as DIEK, 

highlights how evidence serves as the basis for building actionable knowledge in 

public health (Figure 2) (Chiolero & Buckeridge, 2020; Dammann, 2018).  

 

Figure 2 DIKW and DIEK pyramid. This figure was reproduced from (Dammann, 

2018) 
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Tools and methods for measuring population health 

 

Modern public health surveillance covers the monitoring of all aspects of health. 

This includes include diseases, accidents, mental health, subjective health, health 

behaviors and determinants, as well as the organization, use, and financing of 

healthcare systems (Groseclose & Buckeridge, 2017). Therefore, a wide range of 

data is needed, and various sources and methods are employed to collect it (Figure 

4). This section summarizes the main types of data sources and tools used for 

surveillance activities. 

A key data source used for surveillance in public health is the civil registration and 

vital statistics systems, which record major life events such as births and deaths 

(Mahapatra et al., 2007). These systems are characterized by their universality, 

continuity, and compulsory nature as usually mandated by law, making them very 

valuable for surveillance activities (World Health Organization). 

Data can also be collected through registries, which gather information on 

individuals with specific diagnoses, conditions, or outcomes with the aim of 

including all cases within a defined population or area (Brooke & World Health 

Organization, 1974). Registries provide epidemiological insights into the frequency 

and distribution of specific outcomes and serve as a foundation for research. 

Examples include cancer registries as well as those tracking conditions such as 

COVID-19 or multiple sclerosis.  

Periodic population surveys are another important data source (Fisher et al., 

2020). These surveys, repeated over time, collect data from a group of participants 

who represent a larger population. They are often used to assess 

sociodemographic characteristics, health behaviors, health status or healthcare 

use within a population (Fisher et al., 2020). Examples include surveys on health 

determinants and behaviors to evaluate risk factors, such as smoking or alcohol 

consumption. 

Further, clinical and health services infrastructures also serve as a critical source 

of data for surveillance, such as data from hospitals, nursing homes, ambulatory 

care, and health insurance systems (e.g., billing information). These data 

repositories provide public health authorities with diverse information, including 

medical diagnoses, medication prescriptions or laboratory test results.  

Other sources of data can also be used, including environmental monitoring and 

criminal justice information. Data generated by digital technologies, such as social 

media or sensor data, have also become potential resources for surveillance 

activities. However, these data sources are typically less structured compared to 

traditional surveillance tools like surveys or registries, which makes their 

interpretation more challenging (Chiolero et al., 2023; Groseclose & Buckeridge, 

2017). 
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Figure 4 Conceptual framework for public health surveillance, which includes input 

from health surveys, registries, information systems, environmental monitoring, 

clinical and public health research, and other sources. This figure was reproduced 

from (Thacker et al., 2012) 

 

From data to health indicators 
 

Regardless of the source, data are usually transformed into easily understandable 

indicators, which are succinct measures designed to summarize complex 

information into a few key points to facilitate the decision-making process 

(Verschuuren & Van Oers, 2019). Examples include the infant mortality rate, 

cancer incidence and mortality or incidence and mortality of COVID-19. Indicators 

should possess several key characteristics: they must accurately capture the 

phenomenon they are intended to measure; they should be based on accessible 

and reliable data, grounded in robust evidence; they must address relevant health 

issues; and they should provide actionable insights (Verschuuren & Van Oers, 

2019). However, indicators are not without limitations and can be prone to bias, 

including surveillance bias. It is therefore essential to carefully consider these 

aspects to fully understand the information they convey. 

 

Potential biases of health indicators 
 

The meaningful interpretation of health indicators is fundamental to inform 

actionable decisions, and this requires a clear understanding of their limitations 

and potential biases. 

One limitation is that indicators from population surveys can be affected by issues 

related to sampling design, particularly if the sample does not accurately represent 

the target population (Verschuuren & Van Oers, 2019). For example, if certain 

demographic groups—such as younger individuals or those from lower 

socioeconomic backgrounds—are underrepresented in the sample, the results may 

not generalize to the target population.  This also limits the external validity of the 
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results, meaning their ability to be applied to similar populations or settings 

(Westreich et al., 2019). 

In addition, survey data can be affected by non-response bias (also known as non-

participation bias), which arises when individuals who choose not to participate 

differ systematically from those who do, as well as by measurement biases (e.g.,  

recall bias or social desirability bias)(Verschuuren & Van Oers, 2019). For instance, 

the social desirability bias occurs when respondents provide answers they perceive 

as more socially acceptable rather than truthful, especially for sensitive topics 

(Krumpal, 2013). Recall bias arises if respondents misremember and inaccurately 

report past behaviors or events (Porta et al., 2014; Verschuuren & Van Oers, 

2019). Finally, possible biases can also arise from the way a questionnaire is 

designed or administered, including issues related to question wording, order, or 

mode of administration (Choi & Pak, 2005; Cullati et al., 2020).  

Regarding indicators built from registries data, their main strength relies on the 

fact that registries collect all cases of a specific outcome in a defined population, 

reducing the risk of selection bias. However, their reliability can be compromised 

by incompleteness, inaccuracy or delayed registration (Bray & Parkin, 2009; 

Donnelly et al., 2017). This is especially true in contexts where registration is not 

mandatory or lacks adequate resources (Valsecchi & Steliarova-Foucher, 2008).  

Indicators based on medico-administrative data also offer valuable insights into 

healthcare usage, but their use is limited to individuals who seek medical care. 

This introduces a selection bias, where undiagnosed or untreated conditions are 

underrepresented.  

Finally, indicators can also be prone to surveillance bias, the primary focus of this 

thesis. This bias will be explored in more detail in the following paragraph. 

 

Surveillance bias 
 

Surveillance bias occurs when variations in the frequency of a health outcome are 

caused by differences in the modality or intensity of detection, rather than actual 

changes in its underlying risk (Chiolero & Buckeridge, 2020; Haut & Pronovost, 

2011). These differences often arise from varying detection, screening, and 

diagnostic strategies over time or across populations, care settings, and types of 

patients. Put simply, "The more you look, the more you find" (Haut & Pronovost, 

2011), and the opposite is also true: the less you look, the less you find. As a 

result, surveillance indicators, such as disease incidence or quality-of-care metrics, 

are biased, leading to misinterpretations and potentially wrong public health 

decisions.  

 

In the context of infectious diseases such as COVID-19, surveillance bias has been 

particularly problematic, as disparities in testing, reporting, and healthcare access 

have resulted in inflated or skewed estimates of disease incidence (Tancredi et al., 

2021). Data on the number of infections was influenced by testing capacity or 

reporting practices, which created inconsistencies in understanding the true 
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burden of the disease across regions and over time. Similarly, in the surveillance 

of certain types of cancer, changes in screening or diagnostic practices can lead to 

variations in cancer incidence that are not due to changes in the true occurrence 

of cancer, but rather in the variation of the intensity of its detection (Welch et al., 

2019), making it difficult to assess the true burden of the disease.  

 

Beyond COVID-19 and cancer, surveillance bias affects a wide range of other 

health indicators. For example, quality-of-care indicators—such as hospital-

acquired infections or postoperative complications—can be biased by differences 

in the intensity of their detection, due for instance to increased clinical awareness, 

rather than actual variations in care quality (Haut & Pronovost, 2011). This means 

that if hospitals are compared without accounting for surveillance bias, a hospital 

with a higher reported rate of infections or complications might erroneously appear 

to have worse quality of care, when in fact the higher numbers simply reflect better 

detection and reporting practices. Surveillance of hypertension provides another 

relevant example. The prevalence of hypertension depends not only on real 

changes in population blood pressure levels but also on evolving diagnostic 

thresholds and increased screening practices. For instance, if the diagnostic 

threshold for hypertension is lowered by just a few mmHg, the number of people 

classified as hypertensive will rise dramatically (Welch et al., 2012). If this shift is 

not considered when interpreting incidence or prevalence trends, the increase may 

be mistakenly attributed to a worsening public health situation rather than to a 

change in classification criteria. This applies to many other conditions, such as 

diabetes or hypercholesterolemia, whose diagnosis depends on specific thresholds 

of blood glucose and lipid levels (Chiolero & Paccaud, 2012). 

 

Another issue related to surveillance bias is its potential to distort the identification 

of risk factors. This occurs when different detection modalities are applied across 

exposure subgroups. For example, postmenopausal women who use estrogen 

therapy have an increased risk of abnormal bleeding, which may lead to more 

frequent medical consultations and screenings. As a result, more cancers may be 

detected in this group, but this increase is influenced by the increased screening 

intensity, that leads to a higher detection rate. This biases the association between 

estrogen exposure and cancer risk (Horwitz & Feinstein, 1978). Other similar 

examples will be discussed in the following chapters of this thesis, including risk 

factors for cancer such as obesity, sex, and socioeconomic status. 

 

Studying surveillance bias is important because misinterpreting health indicators 

can lead to wrong public health actions. Nonetheless, it is particularly challenging 

because detection, screening, and diagnostic strategies are not static. They evolve 

continuously due to advancements in medical technology, changes in clinical 

guidelines, and shifts in healthcare policies. These changes need to be considered 

when conducting surveillance activities, to ensure the accurate interpretation of 

disease trends and to support effective public health policies. 
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Summary 
 

Surveillance is the process of translating raw data into actionable knowledge, 

making it a cornerstone of evidence-informed decision-making. It relies on multiple 

data sources, each with its own limitations. The accuracy of surveillance depends 

on understanding these limitations, including surveillance bias. This bias arises 

when variations in detection methods or intensities distort the true representation 

of disease patterns, potentially leading to flawed public health decisions. 

This thesis addresses the challenge of interpreting public health surveillance data 

in the presence of surveillance bias, with a particular focus on COVID-19 and 

cancer. It explores the mechanisms driving this bias, examines its consequences 

on disease trends and risk factor identification, and estimates its effects in various 

contexts, providing estimates of its magnitude in COVID-19 and cancer. 

By tackling these issues, this work aims to enhance our understanding of 

surveillance systems and provide actionable insights to improve the accuracy of 

public health monitoring. 
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Chapter 2 | Objectives 
 

The overarching objective of my PhD thesis was to clearly define and describe 

surveillance bias and provide quantitative estimates of its magnitude. This 

objective was addressed though three specific aims: (1) to define surveillance bias, 

identify contexts and situations in which it occurs, describe its causes and 

consequences and how to prevent it (Chapter 4); (2) to describe and estimate the 

magnitude of surveillance bias in COVID-19 (Chapter 5); and (3) to describe and 

estimate the magnitude of surveillance bias in cancer (Chapter 6).  

 

These aims are investigated via several papers and research questions: 

 

Aim 1 | Overview and definition of surveillance bias (Chapter 4) 

 

Research questions: 

What is surveillance bias? 

 

Which conditions or outcomes are influenced by surveillance bias? 

 

What are the mechanisms driving surveillance bias? 

 

How does surveillance bias impact the interpretation of surveillance data?  

 

How can we prevent surveillance bias? 

 

Aim 2 | Surveillance bias in COVID-19 (Chapters 5.1, 5.2 and 5.3) 

 

Research questions:  

How did the COVID-19 pandemic evolve in Switzerland? 

 

What was the magnitude of surveillance bias across different COVID-19 

surveillance indicators in assessing the severity of epidemic waves? 

 

How are different types of surveillance tools—at the population and healthcare 

provider levels—affected by surveillance bias in COVID-19? 

 

Aim 3 | Surveillance bias in cancer (Chapters 6.1, 6.2 and 6.3) 

 

Research questions: 

Which cancers are prone to surveillance bias? 
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How does surveillance bias impact the interpretation of cancer surveillance data?  

 

How can epidemiological signatures be used to detect surveillance bias in cancer 

incidence and mortality trends? 

 

What is the magnitude of surveillance bias in prostate, melanoma, and lung cancer 

trends in Switzerland?  
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Chapter 3 | Methodology 
 

This chapter provides a general overview of the methods and data sources relevant 

to the research presented in this thesis. Specific methods are detailed within each 

study. For Chapters 5.1 and 5.2, data were retrieved from the Corona Immunitas 

initiative, along with COVID-19 surveillance data obtained from the Federal Office 

of Public Health (FOPH). Narrative reviews were used to gather and synthesize 

information on surveillance bias for Chapter 4 as well as Chapters 6.1 and 6.2. 

Data for Chapter 6.3 was retrieved from the National Institute for Cancer 

Epidemiology and Registration (NICER). 

 

Corona Immunitas 
 

Corona Immunitas is a nationwide research program coordinated by the Swiss 

School of Public Health (SSPH+) to study the spread of SARS-CoV-2 in Switzerland 

during the COVID-19 pandemic (West et al., 2020). Launched in spring 2020, the 

program ended in 2023 and consisted of six rounds of population-based 

seroprevalence studies (Corona Immunitas Working Group & Kaufmann, 2023; 

Corona Immunitas Working Group et al., 2023).  

 

The program involved 13 regional study centers across 13 cantons (Geneva, Vaud, 

Valais, Ticino, Basel-Stadt, Basel-Landschaft, Fribourg, Neuchâtel, Zurich, Bern, 

Luzern, St. Gallen, and Grisons). Participants were randomly selected adults, with 

additional sub-studies focusing on specific groups such as healthcare workers, 

children, and vulnerable populations. The study design ensured representativeness 

through random sampling within each participating canton and stratification by 

demographic factors like age and gender. The governance of Corona Immunitas 

was decentralized, with individual sites responsible for implementation but 

adhering to a centralized protocol developed by the Corona Immunitas Executive 

Committee (Corona Immunitas Working Group et al., 2023).  

 

The program's primary objectives were to estimate the prevalence of COVID-19 

infection through seroprevalence surveys, evaluate the duration and extent of 

immunity, and identify demographic and behavioral factors associated with 

infection risk. Data collection followed standardized methodologies across regions, 

including uniform antibody tests and questionnaires that allowed for reliable 

regional comparisons and national-level insights (Amati et al., 2022; Anker et al., 

2020; Anker et al., 2022; Dupraz et al., 2021; Frei et al., 2023; Richard et al., 

2022; Tancredi et al., 2023). 
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Narrative reviews 
 

Narrative reviews are a non-systematic approach to synthesizing literature. Unlike 

systematic reviews, which are highly structured and focus on answering narrowly 

defined research questions, narrative reviews aim to provide a broader 

understanding of a topic and its interpretation (Grant & Booth, 2009; Greenhalgh 

et al., 2018; Sukhera, 2022).  

This type of review is often criticized for relying on subjective interpretation and 

for the risk of “cherry-picking” evidence to support a particular perspective 

(Greenhalgh et al., 2018). It is also criticized for lacking transparency compared 

to other types of reviews, such as systematic reviews, as they often omit details 

on how the literature is searched and how the relevance of studies is assessed 

(Collins & Fauser, 2005). Nonetheless, despite these limitations, narrative reviews 

serve a purpose that is distinct from that of other types of reviews and can play 

an important role in evidence synthesis.  

As Greenhalgh et al. argue, narrative review and systematic reviews should be 

viewed as complementary tools. Systematic reviews synthesize evidence through 

a highly technical process of identification, appraisal, and synthesis of evidence. 

While the synthesis they produce is precise, it may not always provide sufficient 

insight, particularly in complex situations such as decision-making contexts, where 

multiple factors must be considered. Conversely, narrative reviews, although 

lacking methodological precision, gather and contextualize research findings with 

a broader perspective guided by the authors’ expertise, helping to better 

understand complex situations. 

Rather than focusing on data synthesis, narrative reviews offer interpretation, 

clarification, and insights, relying on the authors’ critical judgment. This subjective 

yet flexible approach to summarizing knowledge is helpful for fostering 

advancements in a field, proposing new theories, and exploring alternative 

perspectives (Sukhera, 2022). 

 

National Institute for Cancer Epidemiology and 

Registration (NICER) 
 

The National Institute for Cancer Epidemiology and Registration (NICER) is an 

independent foundation established in 2007 to promote and coordinate cancer 

registries, support population-based cancer registration, ensure data quality, and 

facilitate epidemiological cancer research in Switzerland (National Institute for 

Cancer Epidemiology and Registration). 

 

In Switzerland, cancer registries have been progressively implemented since 1970. 

By 2006, they achieved full coverage of the French-speaking regions and Ticino. 

Since 2020, following the introduction of the Cancer Registration Act, which 

standardized cancer data collection nationwide, they now cover all Swiss cantons. 

The Cancer Registration Act mandates the compulsory reporting of cancer 
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diagnoses by physicians, hospitals, and laboratories and ensures a systematic and 

standardized registration process (Office fédéral de la statistique). 

 

Currently, 97% of the Swiss population is covered by cancer registration, a 

percentage that has steadily increased over time. Data registration includes all 

cases of primary malignant tumors, except for non-melanoma skin cancers. In 

years when cancer registration is not exhaustive across the entire country, NICER 

extrapolates data to provide reliable national estimates, allowing researchers to 

track cancer incidence trends over time (Office fédéral de la statistique). 

NICER also monitors cancer mortality data, sourced from the Cause of Death 

Statistics (COD) of the Federal Statistical Office (FSO), which comprehensively 

records the causes of death of Swiss residents through medical death certificates 

(Office fédéral de la statistique). 
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ABSTRACT 

Background. Changes in cancer incidence can result from changes in screening 

and diagnostic practices rather than changes in the true occurrence of cancer, 

leading to surveillance bias. Quantitative approaches to estimate this bias are 

lacking. 

Objectives. To develop an approach to estimate surveillance bias in prostate 

cancer, melanoma, and lung cancer. 

Methods. We used population-based data from Swiss cancer registries on 

incidence and mortality from 1989 to 2021. Age-standardized incidence was 

analyzed using Joinpoint regression to identify periods with distinct trends. The 

same periods were used to segment mortality. The magnitude of surveillance bias 

was assessed for each period by computing the natural logarithm of the ratio (Ln-

ratio) between the mean annual changes in age-standardized incidence and 

mortality rates, since mortality is less affected by screening and diagnostic 

practices than incidence. Higher Ln-ratios indicated greater bias. Analyses were 

also conducted by cancer stage. 

Results. Surveillance bias for prostate cancer was moderate in 1989-2004 (Ln-

ratio = 1.6), low in 2004-2011 (Ln-ratio = 0.6), and high in 2011-2014 and 2014-

2021 (Ln-ratio = 2.4 and 1.9). For melanoma, the bias was high across the entire 

study period (Ln-ratio = 2.8). For lung cancer, it was moderate over the entire 

study period (Ln-ratio = 1.1), and lower than other cancers. In stage-specific 

analyses, surveillance bias was greater for early-stage than advanced-stage 

cancers. 

Conclusions. We estimated surveillance bias using a simple approach that can be 

used in daily monitoring activities. Further studies are needed to refine these 

estimates. 
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BACKGROUND 

Cancer incidence trends, namely age-standardized rates, are widely used to 

describe and monitor changes in the risk of cancer in populations over time. Age-

standardization adjust for differences in age distribution and enables comparisons 

of risk across populations and periods (1). However, for scrutiny-dependent 

cancers like prostate cancer or melanoma (2), even after adjusting for age, 

incidence trends do not reflect changes in cancer risk because they are influenced 

by changes in screening and detection practices (2). Such changes can indeed 

substantially increase or decrease incidence, without any actual change in the risk 

of developing cancer. Failing to consider the effect of changes in cancer screening 

and diagnostic practices leads to surveillance bias (3). 

Surveillance bias is defined as a bias that occurs when changes across time, 

settings, or populations in the detection of cancers lead to changes in incidence, 

which can be wrongly attributed to changes in the actual risk of these cancers (4). 

It is suspected if there is a marked divergence between incidence and mortality 

trends, or between trends in early and advanced cancer stages, since mortality 

and incidence of advanced-stage cancers are less affected by changes in detection 

practices (4, 5). These descriptive patterns are used to visually suggest the 

presence of surveillance bias, but there are currently no established methods to 

quantitatively estimate the magnitude of the bias. Quantitative rather than visual 

assessment would reduce subjectivity, allow comparisons, improve transparency 

and reproducibility, and support clearer communication and interpretation of 

incidence trends by epidemiologists, decision-makers, and the public. 

We therefore attempted to develop a method to estimate the magnitude of 

surveillance bias of prostate cancer, melanoma, and lung cancer. We selected 

prostate cancer and melanoma because they are scrutiny-dependent cancers for 

which screening and diagnostic practices have changed considerably over time (2, 

5-9). Lung cancer was chosen as a comparator because it is not considered 

scrutiny-dependent (5). 

METHODS 

We conducted a population-based study using aggregated data from cancer 

registries in Switzerland on the incidence and mortality of prostate cancer, 

melanoma, and lung cancer.  

In Switzerland, all new cancer cases, including information on stage at diagnosis, 

are systematically collected by population-based regional cancer registries and 

then aggregated by the National Institute for Cancer Epidemiology and 

Registration (NICER) (10). Cancer registration coverage has steadily increased 

over time, reaching approximately 97% of the Swiss population in 2021. For years 

in which coverage was not nationwide, NICER extrapolated data to provide national 

estimates (10). Primary tumors are defined according to the rules of the 

International Association of Cancer Registries (IACR) and the European Network 

of Cancer Registries (ENCR). For our analyses, we included all cases of prostate 

cancer (International Classification of Diseases for Oncology, 3rd edition [ICD-O-
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3]: C61), melanoma (C43) and cancers of the lung, bronchus, and trachea (C33-

34) recorded in the Swiss cancer registries between 1989 and 2021 (11). Cancer 

mortality data included deaths attributed to prostate cancer, melanoma or cancers 

of the lung, bronchus, and trachea, according to the Federal Statistical Office 

coding of causes of death. Before 1995, an earlier revision of the ICD was used, 

and cancer was listed as the cause of death whenever the word “tumor” appeared, 

either as the primary or associated cause, except when conditions such as 

accidents, poisoning, trauma, or influenza were also reported on the certificate. 

Cancer mortality rates before 1995 may therefore be overestimated and should be 

interpreted with caution (12). 

We described trends in age-standardized incidence and mortality rates over time, 

as well as incidence trends by stage. Age-standardized rates were calculated using 

the direct method, using the 1976 European standard population (12). 

To estimate surveillance bias, we followed three steps. First, we used Joinpoint 

regression (Joinpoint Regression Statistical Software version 5.2.0; Surveillance 

Research Program, National Cancer Institute, Bethesda, MD) to analyze variations 

in incidence trends and to identify inflection points that segment the time series 

into periods with distinct trends. Second, for each period, we calculated the 

absolute difference and the ratio between the mean annual change in age-

standardized incidence and the corresponding mean annual change in age-

standardized mortality. Surveillance bias was considered to be present when 

incidence trends diverged from mortality trends, i.e., the further the ratio was from 

1, the greater the bias. Third, we applied a natural logarithm transformation to the 

absolute value of the ratio (hereafter referred to as “Ln-ratio”) to account for the 

wide range of ratio values and express all values as positive numbers. The “Ln-

ratio” represented our quantitative estimation of surveillance bias. For the 

interpretation, we defined three cut-offs to categorize it into low, moderate and 

high bias. An “Ln-ratio” less than or equal to 0.7 corresponded to low bias, 

indicating a change in incidence at most 2 times as fast or as slow as mortality. 

An “Ln-ratio” between 0.7 and 1.6 corresponded to moderate bias, indicating a 

change in incidence between 2 and 5 times as fast or as slow as mortality. An “Ln-

ratio” above 1.6 corresponded to high bias, indicating a change in incidence more 

than 5 times as fast or as slow as mortality (Table 1).  

The same analyses were conducted by cancer stage at diagnosis, categorized 

according to the Union for International Cancer Control (UICC; Stage I, II, III and 

IV) (13). Analyses by stage were performed only from 2010 onward, as data on 

stage at diagnosis was available starting that year. For this analysis, we computed 

the Ln-ratio between the mean annual change in age-standardized stage I, II and 

III incidence and the corresponding mean annual change in age-standardized 

stage IV incidence, under the assumption that incidence of Stage IV cancers is less 

influenced by screening than incidence of stage I, II and III cancers. 
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RESULTS 

Main analyses 

For prostate cancer, three inflection points in the age-standardized incidence trend 

were identified, segmenting it into four periods: 1989–2004, 2004–2011, 2011–

2014, and 2014–2021 (Figure 1 and Supplementary Table S1). Age-standardized 

incidence and comparison with age-standardized mortality (difference, ratio, and 

Ln-ratio) for each period are presented in Table 2. Age-standardized incidence of 

prostate cancer increased from 1989 to 2004, declined between 2004 and 2011, 

and dropped more sharply from 2011 to 2014. From 2014 to 2021, the incidence 

rose again. Mortality consistently decreased over the entire period. Surveillance 

bias was moderate between 1989 and 2004 (Ln-ratio: 1.6), low between 2004 and 

2011 (Ln-ratio: 0.6) and high from 2011 onwards (Ln-ratio: 2.4 between 2011–

2014 and Ln-ratio: 1.9 between 2014-2021).  

For melanoma, one inflection point was identified, segmenting the age-

standardized incidence trend into two periods: 1989–2003 and 2003–2021 (Figure 

2 and Supplementary Table S1). Age-standardized incidence and comparison with 

age-standardized mortality (difference, ratio, and Ln-ratio) are presented in Table 

2. Age-standardized incidence of melanoma increased from 1989 to 2003. Between 

2003 and 2021, the growth in incidence slowed but continued. Mortality remained 

relatively stable over both periods. Surveillance bias was high from 1989 to 2003 

(Ln-ratio: 2.8) and remained high between 2003 and 2021 (Ln-ratio: 2.8). 

For lung cancer, no inflection points in the age-standardized incidence trend were 

identified, indicating a continuous trend from 1989 to 2021 (Figure 3 and 

summarized in Supplementary Table S1). Age-standardized incidence and 

comparison with age-standardized mortality (difference, ratio, and Ln-ratio) are 

presented in Table 2. Age-standardized incidence showed a slight decline between 

1989 and 2021, and mortality also decreased. Surveillance bias was moderate (Ln-

ratio: 1.1) throughout the entire period. 

Stage specific analyses 

The results of the Joinpoint regression stratified by stage are shown in 

supplemental Figures S1-S12. Overall, surveillance bias tended to be greater for 

cancers diagnosed at lower stages (Stage I and II) than at higher stages (Stage 

III), across the three cancer types. 

For prostate cancer (Table 3), Stage I incidence declined from 2010 to 2015 and 

then increased from 2015 to 2021. Stage II incidence showed a decrease between 

2010 and 2014, followed by an increase from 2014 to 2017 and a smaller increase 

between 2017 and 2021. For Stage III, incidence decreased from 2010 to 2014 

before slightly increasing from 2014 to 2021. Stage IV incidence slightly increased 

from 2010 to 2014 and increased from 2014 to 2021. Surveillance bias for Stage 

I was high between 2010 and 2015 and moderate from 2015 to 2021. Stage II 

had high surveillance bias between 2010 and 2014 and between 2014 and 2017 

and low between 2017 and 2021. For Stage III, surveillance bias was moderate 

between 2010 and 2014 and low from 2014 to 2021.  
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For melanoma (Table 4), Stage I incidence increased between 2010 and 2021. 

Stage II incidence remained relatively stable between 2010 and 2021. For Stage 

III, incidence showed a modest increase between 2010 and 2021, and, for stage 

IV, incidence remained stable from 2010 to 2019 and increased modestly from 

2019 to 2021. Surveillance bias was high for all stages over the 2010-2021 period.  

For lung cancer (Table 5) Stage I incidence increased between 2010 and 2021. For 

Stage II, incidence increased slightly between 2010 and 2013, then declined 

between 2013 and 2019, with a further decrease from 2019 to 2021. For Stage III 

and Stage IV, incidence remained stable between 2010 and 2021. Surveillance 

bias for Stage I was high over the 2010–2021 period. For Stage II, surveillance 

bias was low between 2010 and 2013 and between 2013 and 2019, and moderate 

from 2019 to 2021. For Stage III, surveillance bias was low between 2010 and 

2021. 

DISCUSSION 

To our knowledge, this is the first attempt to quantitatively assess surveillance 

bias of various cancers. Using nationwide population-based data, we found that 

surveillance bias of prostate cancer changed substantially since 1989, being 

moderate between 1989 and 2004, low between 2004 and 2011, and high between 

2011 and 2021 in Switzerland. The bias was high for melanoma across the entire 

study period 1989–2021. For lung cancer, surveillance bias was moderate, and 

consistently lower compared to the other two cancers. In stage-specific analyses, 

we showed that surveillance bias tended to be greater for cancers diagnosed at 

earlier stages than for those diagnosed at advanced stages.  

The observed patterns of surveillance bias are consistent with changes in incidence 

due to changes in screening and diagnostic practices in Switzerland. For prostate 

cancer, the initial increase in the incidence in the 1990s coincided with the 

introduction of PSA testing. After 2003, a decline occurred, coinciding with the 

retrenchment of PSA testing, and incidence trends aligned with mortality trends, 

resulting in a low degree of surveillance bias. A more pronounced decrease was 

observed after 2011, following updated guidelines that discouraged PSA use, 

notably guidelines from the Swiss Medical Board (14). More recently, incidence has 

started to rise again. For melanoma, despite no changes in screening 

recommendations, early diagnosis has probably increased over time in 

Switzerland, influencing incidence and resulting in consistently high surveillance 

bias (15, 16). For lung cancer, surveillance bias was lower than for the other two 

cancers because incidence trends largely reflect smoking patterns rather than 

changes in detection practices (4). These smoking-related patterns are clear when 

stratifying by sex, with both incidence and mortality declining among men and 

increasing among women (4).  

Several factors beyond screening influence both incidence and mortality trends 

and have effects on our estimates of the degree of surveillance bias. In prostate 

cancer, for instance, diagnostic and therapeutic practices have evolved 

significantly, with increasing use of magnetic resonance imaging, active 

surveillance for low-risk cases, and, more recently, imaging modalities such as 

prostate-specific membrane antigen positron emission tomography and genetic 
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testing (6, 17, 18). Similarly, the diagnostic landscape for melanoma is changing, 

with advances in non-invasive imaging and molecular techniques such as 

fluorescence in situ hybridization, comparative genomic hybridization, sequencing, 

mass spectrometry, and immunohistochemistry being increasingly used to refine 

diagnosis and classification (19, 20). These developments can influence detection 

rates independently of any true change in the risk of developing the disease, and 

their implementation should therefore be taken into account to correctly interpret 

trends and surveillance bias estimates. Moreover, new technologies such as 

artificial intelligence tools are likely to further change strategies for the detection 

and management of cancer in the near future, highlighting the need for new 

estimates in the future (21, 22). For instance, lung cancer detection may evolve 

in the coming years: although no national lung cancer screening program currently 

exists in Switzerland, from 2024 a pilot project is underway in the Canton of Vaud, 

and its expansion may impact future incidence rates (23-25).  

This study has several limitations. First, we calculated surveillance bias by 

comparing incidence and mortality changes over the same periods, even though 

changes in incidence may affect mortality after a time lag of several years. Not 

accounting for this delay may lead to a misinterpretation of the relationship 

between the two trends, potentially biasing estimates of surveillance bias. Second, 

our approach relies on the assumption that incidence and mortality should move 

in parallel, meaning that an increase or decrease in true cancer occurrence should 

result in a proportional change in mortality, unless biased by changes in detection 

intensity. The same assumption holds for surveillance bias estimates based on the 

divergence between early- and advanced-stages. However, a major limitation of 

our method is that this assumption does not hold in all cases, as mortality trends 

are influenced by factors such as improvements in treatment. For instance, if 

incidence remains stable while mortality declines due to better therapies, the two 

trends will diverge, but this does not indicate surveillance bias. This may explain 

the moderate estimated bias observed for lung cancer, where mortality declines 

reflect improvements in treatment. However, when incidence is changing rapidly 

and substantially, the divergence from mortality, whatever its trends, suggests 

surveillance bias. The same is true when early-stage incidence changes rapidly and 

substantially without substantial changes in advanced-stage incidence (4) . Third, 

the method used in this study is based on a relative measure, the Ln-ratio, that is 

sensitive to small annual changes. When variations in mortality (or advanced-stage 

incidence for stage-specific analyses) are very small, the ratio becomes very high. 

For example, in melanoma, the Ln-ratio was elevated despite relatively small 

absolute differences between incidence and mortality trends (e.g., differences of 

0.4 and 0.7 per 100’000). In contrast, for prostate cancer, the absolute differences 

were sometimes much larger, even when the estimated bias was lower. 

One strength of this study is that it is based on population-level data spanning a 

long observation period, during which substantial changes in screening and 

diagnostic practices occurred. It also includes multiple cancer types, allowing for 

comparisons across different contexts. Another important strength is that it 

provides a simple quantitative approach that can be used in daily monitoring 

activities and that goes beyond the graphical and descriptive analyses typically 

used to illustrate the presence of surveillance bias. It is worth noting that some 
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approaches have already been developed to adjust incidence trends for changes 

in screening and detection practices, or to distinguish temporal patterns that may 

reflect the impact of screening/diagnostic practices from those potentially related 

to underlying risk factors on cancer incidence (26, 27). For example, some models 

use secular trends that reflect incidence in the absence of screening (28), others 

use changes in the distribution of cancer stages over time, assuming that without 

changes in detection practices the stage distribution remains approximately 

constant (29), and age–period–cohort analyses can be used to assess the effects 

of changes in screening and diagnostic practices on incidence (27). However, these 

methods do not provide direct estimates of the magnitude of surveillance bias. 

Although not precise and hindered by several limitations, our method could be a 

starting point for estimating potential surveillance bias and offers a practical 

framework that can be adapted and expanded using more sophisticated data and 

modeling strategies. 

CONCLUSION 

This study provided quantitative estimates of surveillance bias for three different 

cancers. Although the method used to assess the magnitude of the bias has 

several limitations, it represents an initial and exploratory step toward more 

precise methods for quantifying surveillance bias. Finding a way to quantitatively 

assess surveillance bias and integrating this information into the interpretation of 

incidence trends is important for correctly understanding cancer incidence and 

for guiding public health decisions.
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TABLES AND FIGURES 

Table 1: Thresholds to define low, moderate and high bias and examples for 

interpreting surveillance bias estimates. Low bias (light red) indicates that 

incidence changes at most 2 times as fast or as slow as mortality (or stage IV 

incidence in stage specific analyses); moderate bias (medium red), between 2 and 

5 times; high bias (red), more than 5 times. 

 
 

 

 
 

 

 

Ratio between mean 

annual change in age-

standardized incidence 

and mortality 

Ln-Ratio Interpretation 

-7 1,9 Incidence decreasing 7× faster than mortality 

-5 
1.6 Incidence decreasing 5× faster than mortality 

-3 1.1 Incidence decreasing 3× faster than mortality 

-2 
0.7 Incidence decreasing 2× faster than mortality 

-1 
0 

Incidence and mortality changing at same 

rate 

1 
0 

Incidence and mortality changing at same 

rate 

2 
0.7 Incidence increasing 2× faster than mortality 

3 1.1 Incidence increasing 3× faster than mortality 

5 
1.6 Incidence increasing 5× faster than mortality 

7 
1,9 Incidence increasing 7× faster than mortality 

 

 

  

Ln-ratio ≤ 0.7 Low bias 

0.7 < Ln-ratio ≤ 1.6 Moderate bias 

Ln-ratio > 1.6 High bias 
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Table 2. Age-standardized incidence of prostate cancer, melanoma and lung 

cancer and comparison with age-standardized mortality (difference, ratio, and Ln-

ratio) by period, 1989–2021 

Ln ratio ≤ 0.7 Low bias 

0.7 < Ln ratio ≤ 

1.6 
Moderate bias 

Ln ratio > 1.6 High bias 

 
   

 
 

  

Period* 

Absolute 
change in 

age-
standardize
d incidence 

(per 
100’000) 

Absolute 
change in 

age-
standardize
d mortality 

(per 
100’000) 

Mean 
annual 

change in 
age-

standardize
d incidence 

(per 
100’000) 

Mean 
annual 

change in 
age-

standardize
d mortality 

(per 
100’000) 

Difference 
between 
the mean 

annual 
change in 

age-
standardize
d incidence 

and 
mortality 

Ratio Ln ratio 

Prostate cancer 

1989-
2004 

54.4 -11.5 3.6 -0.8 4.4 -4.7 1.6 

2004-
2011 

-7.2 -4.1 -1.0 -0.6 -0.5 1.8 0.6 

2011-
2014 

-26.9 -2.5 -9.0 -0.8 -8.1 10.8 2.4 

2014-
2021 

33.1 -4.9 4.7 -0.7 5.4 -6.9 1.9 

Melanoma 

1989-
2003 

9.4 -0.5 0.7 -0.04 0.7 
-

16.8 
2.8 

2003-
2021 

6.2 -0.4 0.3 -0.02 0.4 
-

17.0 
2.8 

Lung cancer 

1989-
2021 

-3.9 -11.2 -0.1 -0.4 -3.9 0.3 1.1 

* Periods were defined analyzing incidence trends using Joinpoint regression; the same 

periods were used for mortality 
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Table 3. Age-standardized prostate cancer incidence by stage and comparison 

with stage IV incidence (difference, ratio, and Ln-ratio) by period, 2010–2021 

Ln ratio ≤ 0.7 Low bias 

0.7 < Ln ratio ≤ 

1.6 
Moderate bias 

Ln ratio > 1.6 High bias 

 
   

 
 

  

Period* 

Absolute 
change in 

age-
standardize

d incidence 
(per 

100’000) 

Absolute 
change in 

age-
standardize
d stage IV 
incidence 

(per 
100’000) 

Mean 
annual 

change in 
age-

standardize
d incidence 

(per 
100’000) 

Mean 
annual 

change in 
age-

standardize

d stage IV 
incidence 

(per 
100’000) 

Difference 
between 
the mean 

annual 
change in 

age-

standardize
d incidence 
and stage 

IV 
incidence 

Ratio Ln ratio 

Stage I 

2010-
2015 

-11.8 2.2 -2.4 0.4 -2.8 -5.4 1.7 

2015-
2021 

14.1 6.2 2.4 1.0 1.3 2.3 0.8 

Stage II 

2010-
2014 

-8.5 1.0 -2.1 0.3 -2.4 -8.5 2.1 

2014-
2017 

13.6 1.6 4.5 0.5 4.0 8.5 2.1 

2017-
2021 

5.7 5.8 1.4 1.5 -0.03 1.0 0.02 

Stage III 

2010-
2014 

-4.6 1.0 -1.2 0.3 -1.4 4.6 1.5 

2014-
2021 

6.5 7.4 0.9 1.1 -0.1 0.9 0.1 

Stage IV 

2010-
2014 

1.0 1.0 0.3 0.3 NA NA Ref 

2014-
2021 

7.4 7.4 1.1 1.1 NA NA Ref 

* Periods were defined analyzing incidence trends for each stage using Joinpoint 

regression; the same periods were used for Stage IV incidence 
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Table 4. Age-standardized melanoma incidence by stage and comparison with 

stage IV incidence (difference, ratio, and Ln-ratio) by period, 2010–2021 

Ln ratio ≤ 0.7 Low bias 

0.7 < Ln ratio ≤ 

1.6 
Moderate bias 

Ln ratio > 1.6 High bias 

 
   

 
 

  

Period* 

Absolute 
change in 

age-
standardize

d incidence 
(per 

100’000) 

Absolute 
change in 

age-
standardize
d stage IV 
incidence 

(per 
100’000) 

Mean 
annual 

change in 
age-

standardize
d incidence 

(per 
100’000) 

Mean 
annual 

change in 
age-

standardize

d stage IV 
incidence 

(per 
100’000) 

Difference 
between 
the mean 

annual 
change in 

age-

standardize
d incidence 
and stage 

IV 
incidence 

Ratio Ln ratio 

Stage I 

2010-
2021 

12,4 0,3 1,1 0,003 1,1 
448,

0 
6,1 

Stage II 

2010-
2021 

0,7 0,3 0,1 0,003 0,1 24,0 3,2 

Stage III 

2010-
2021 

0,9 0,3 0,1 0,003 0,1 32,0 3,5 

Stage IV 

2010-
2019 

0,03 0,03 0,003 0,003 NA NA Ref 

2019-
2021 

0,3 0,3 0,1 0,1 NA NA Ref 

* Periods were defined analyzing incidence trends for each stage using Joinpoint 

regression; the same periods were used for Stage IV incidence 
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Table 5. Age-standardized lung cancer incidence by stage and comparison with 

stage IV incidence (difference, ratio, and Ln-ratio) by period, 2010–2021 

Ln ratio ≤ 0.7 Low bias 

0.7 < Ln ratio ≤ 

1.6 
Moderate bias 

Ln ratio > 1.6 High bias 

 
   

 
 

  

Period* 

Absolute 
change in 

age-
standardize

d incidence 
(per 

100’000) 

Absolute 
change in 

age-
standardize
d stage IV 
incidence 

(per 
100’000) 

Mean 
annual 

change in 
age-

standardize
d incidence 

(per 
100’000) 

Mean 
annual 

change in 
age-

standardize

d stage IV 
incidence 

(per 
100’000) 

Difference 
between 
the mean 

annual 
change in 

age-

standardize
d incidence 
and stage 

IV 
incidence 

Ratio 
Ln 

ratio 

Stage I 

2010-
2021 

3,9 -0,2 0,4 -0,02 0,4 -23,3 3,1 

Stage II 

2010-
2013 

0,7 0,8 0,2 0,3 -0,04 0,9 0,2 

2013-
2019 

-0,4 -0,3 -0,1 -0,04 -0,02 1,4 0,4 

2019-
2021 

-0,5 -1,5 -0,3 -0,8 0,5 0,3 1,1 

Stage III 

2010-
2021 -0,2 -0,2 -0,02 -0,02 -0,01 1,3 0,3 

Stage IV 

2010-
2021 -0,2 -0,2 -0,02 -0,02 NA NA Ref 

* Periods were defined analyzing incidence trends for each stage using Joinpoint 

regression; the same periods were used for Stage IV incidence 
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Figure 1: Prostate cancer age-standardized incidence and mortality rates, all 

ages, 1989-2021, Switzerland  

  

Figure 2: Melanoma age-standardized incidence and mortality rates, both sexes, 

all ages,1989-2021, Switzerland 
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Figure 3: Lung cancer age-standardized incidence and mortality rates, both sexes, 

all ages,1989-2021, Switzerland 
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Chapter 7 | Discussion 
 

Summary of main findings 
 

In this thesis, we assessed surveillance bias across different diseases and contexts, 

explored its causes and consequences, and described possible strategies to 

prevent it. We showed that the bias was substantial for certain indicators, such as 

the number of COVID-19 cases or cancer incidence for specific types of cancer, 

and provided some estimates of its magnitude. 

 

In Chapter 4, we defined surveillance bias and highlighted that it occurs in multiple 

contexts and arises from different causes. For COVID-19, surveillance bias resulted 

from differences in testing intensity. Quality-of-care indicators were biased by 

differences in screening intensity and resources for measurement and reporting. 

Incidence trends for prostate cancer and melanoma were also influenced by 

differences in screening intensity. For hypertension, the bias arose from changes 

in diagnostic thresholds. For chlamydia, the bias resulted from variations in testing 

and reporting. We also outlined strategies to mitigate the effect of the bias, 

including analyzing trends accounting for screening and diagnostic processes, 

favoring metrics less exposed to surveillance bias, standardizing disease 

definitions, and ensuring the stability of surveillance systems. 

 

In Chapter 5.1, we measured seroprevalence and examined seroprevalence trends 

of SARS-CoV-2 antibodies in Switzerland between May 2020 and September 2021. 

We analyzed three periods of the pandemic: before vaccination, during the initial 

phase of the vaccination campaign, and after widespread vaccination. 

Seroprevalence estimates were 3.7% in period 1, 16.2% in period 2, and 72.0% 

in period 3, with some cantonal variations.  

 

In Chapter 5.2, we assessed surveillance bias in the Canton of Fribourg across 

three pandemic waves. For the first two waves, the case count was highly biased, 

while hospitalizations and deaths were less influenced by surveillance bias. During 

these waves, seroprevalence was considered the least biased indicator and was 

used as reference.  In the third wave, we used hospitalizations as reference, since 

seroprevalence was very influenced by vaccination, and we found that cases and 

deaths underestimated the size of the third wave. 

 

In Chapter 5.3, we described the strengths and limitations of different COVID-19 

surveillance strategies. Healthcare providers-based surveillance provided timely 

data but were prone to surveillance bias. Population-based surveillance was less 

prone to surveillance bias, but faced challenges in representativeness, feasibility, 

and timeliness. We emphasized that no single indicator is sufficient and called for 
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integrated surveillance systems combining multiple approaches to improve 

accuracy and reliability in disease monitoring. 

 

In Chapter 6.1, we reviewed how surveillance bias affects cancer surveillance, 

using examples of scrutiny-dependent cancers. We also examined how surveillance 

bias can distort the identification of cancer risk factor if detection and screening 

strategies differ between population subgroups— for example, by biasing the 

associations between sex and thyroid cancer, or between obesity and cancer risk. 

In this review, we also outlined strategies to reduce surveillance bias in the 

assessment of cancer burden, including accounting for screening and diagnostic 

processes when interpreting incidence trends, or prioritizing less biased 

surveillance indicators, such as mortality and the incidence of advanced-stage 

cancers. 

 

In Chapter 6.2, we illustrated how epidemiological signatures help identify 

surveillance bias in cancer data, using melanoma, lung cancer, and prostate cancer 

incidence and mortality trends from 1981 to 2020 as examples. In Switzerland, 

melanoma incidence markedly increased, while mortality remained stable, 

suggesting surveillance bias likely due to increased screening uptake over time. 

Prostate cancer incidence was biased by differences in screening intensity over 

time, while mortality showed a steady decline. This also suggests a surveillance 

bias due to variations in screening practices. Lung cancer was less prone to 

surveillance bias: incidence followed mortality trends, with incidence and mortality 

both declining in men and increasing in women.  

 

In Chapter 6.3, we quantified surveillance bias in prostate cancer, melanoma, and 

lung cancer in Switzerland by analyzing incidence and mortality trends from 1989 

to 2021. For melanoma, surveillance bias remained high throughout the entire 

study period. In the case of prostate cancer, the level of bias varied over time, 

ranging from low to high. For lung cancer, the bias was moderate and consistently 

lower than that observed for the other two cancer types. 

 

Limitations and strengths 
 

This thesis has both limitations and strengths. One key limitation is the use of 

narrative reviews, meaning that the examples used to illustrate surveillance bias 

were drawn from our own knowledge and expertise, rather than from a systematic 

search for all possible situations in which the bias might occur. However, in this 

case, being exhaustive was not necessary, given the rapid and ongoing evolution 

of diagnostic technologies that influence surveillance bias. The transition from 

traditional to digital tools has already had an impact on the diagnosis of diseases 

(Farber et al., 2024) and new technologies, such as artificial intelligence or 

wearable devices, are likely to play an increasingly important role in disease 

diagnosis (Hernström et al., 2025; Scholte et al., 2024; Zhou et al., 2021). Rather 

than being exhaustive, what mattered most in the context of this thesis was to 

clarify the concept of surveillance bias, its drivers, and its implications. 
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When we attempted to quantify surveillance bias in COVID-19 and cancer, we also 

faced many limitations. Although we provided some simple estimates of the 

magnitude of the bias, they remain far from precise and rely on simple approaches. 

Our work in this regard was exploratory, and several important challenges 

remained unaddressed. One key example of an important limitation in our attempt 

to measure surveillance bias in cancer was the assumption that a parallel trend 

between incidence and mortality would indicate a low level of surveillance bias. 

This assumption was made based on the work of Welch et al. (Welch et al., 2019); 

however, in some cases, incidence and mortality trends may diverge for reasons 

unrelated to surveillance bias. Another factor that hindered our work was the 

difficulty of accounting for all the factors that may influence surveillance indicators, 

such as measurement errors or changes in coding practices and reporting, which 

undermine the precision of bias estimation.  

 

It is also important to note that it was difficult to clearly define the concept of 

surveillance bias because it intersects with several related epidemiological notions. 

It overlaps with detection bias, which describes the distortion of associations 

resulting from variations in diagnostic intensity. Surveillance bias may also be 

interpreted as a form of selection bias (for example, when individuals who are 

more closely monitored are more likely to be diagnosed and included in registries) 

and it is closely related to ascertainment bias. Nonetheless, the term surveillance 

bias aims to be more comprehensive. For instance, some causes of surveillance 

bias, such as changes in population screening campaigns or advances in diagnostic 

technologies, may not fit neatly into definitions of selection bias yet still distort 

surveillance indicators. More importantly, surveillance bias is directly tied to the 

purpose of surveillance itself. Its main consequence is not merely a biased estimate 

of risk or association, but the potential to mislead public health decisions by 

distorting our understanding of disease trends and patterns. 

 

Despite all these limitations, this thesis contributes to a better understanding of 

surveillance bias and its role in public health surveillance. The broad range of 

examples discussed helps clarify the mechanisms through which surveillance bias 

arises and highlights the importance of accounting for it in epidemiological 

analyses. Using multiple examples is particularly useful because, in some cases, 

the impact of surveillance bias is more evident than in others. Moreover, we believe 

that refining our approach to assess the magnitude of the bias will lead to more 

accurate methodologies for measuring surveillance bias across different contexts. 

Recognizing this bias is essential not only for interpreting results and making sound 

public health decisions but also for ensuring effective communication with the 

general population. Changes in the incidence of certain types of cancer, for 

example, could be misinterpreted as alarming if not correctly explained in the 

context of surveillance bias, potentially leading to unnecessary stress and concern. 

For this reason, we have sought to keep the concept accessible and 

understandable, with the aim of raising awareness not only among surveillance 

experts but also within the broader public.  
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Chapter 8 | Conclusion 

 

This thesis explored the concept of surveillance bias, its causes, its consequences, 

and how to prevent it. It provided numerical estimates of the impact of surveillance 

bias, particularly in the context of COVID-19 and cancer surveillance. 

We aimed to clearly define surveillance bias, and our definition, refined over the 

course of this work, will be published in the next edition of the Dictionary of 

Epidemiology (7th ed.). We described the bias through multiple real-world 

examples and identified several mechanisms through which it can influence 

epidemiological indicators, including changes in testing intensity, screening 

practices, diagnostic thresholds, and reporting practices. These findings highlight 

the pervasiveness of this bias and the need for ongoing vigilance in public health 

surveillance. 

 

Quantifying the extent of surveillance bias proved challenging. No gold standard 

exists to measure it, and surveillance indicators are influenced by many factors, 

making it difficult to isolate the effect of bias. Additionally, different approaches 

are required for different diseases, and evolving public health policies and medical 

technologies make its precise estimation particularly complicated. 

 

Beyond describing the problem, this thesis has also discussed potential strategies 

to mitigate surveillance bias in various contexts, including accounting for changes 

in screening and diagnostic processes when interpreting trends, prioritizing the use 

of less biased indicators, and integrating multiple surveillance approaches to 

improve accuracy and reliability. 

 

Future research should focus on refining methods to quantify surveillance bias and 

developing standardized approaches to account for it in epidemiological analyses. 

In the context of cancer surveillance, for example, further work is needed to 

determine how best to incorporate information on screening practices into routine 

incidence reporting. Similarly, for infectious diseases, developing real-time 

correction methods for surveillance indicators could help improve the 

responsiveness of public health interventions. 

 

This thesis underscores the importance of considering surveillance bias in many 

aspects of public health surveillance. As diagnostic technologies and screening 

practices continue to evolve, the challenges posed by surveillance bias will also 

change. By fostering awareness of surveillance bias and advocating for 

methodological improvements, we work toward more reliable and meaningful 

surveillance systems that support effective public health actions.
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List of courses 

 

Date Name Location ECTS 

    

Jun 2021 
Life Course Epidemiology and Public 

Health 
Fribourg 1 ECTS 

Sept 2021 
Systematic Reviews and Meta-Analysis: a 

Practical Approach 
Bern 1 ECTS 

Sept 2022 

Nondetects and other types of missing 

data in observational epidemiologic 

studies 

Basel 1 ECTS 

Sept 2022 Introduction to the Statistical Software R Basel 1 ECTS 

Oct 2022 Applied Logistic Regression Bern 2 ECTS 

Nov 2022 

Introduction to the Statistical Software 

Stata and Electronic Data Capture 

Software REDCap 

Basel 1 ECTS 

Dec 2022 
Public Health Surveillance and Population 

Health Monitoring 
Lausanne 2 ECTS 

Feb 2023 

Basics of scientific writing in English: A 

structured method for organizing and 

writing better, faster papers 

Online 

(Bern) 
2 ECTS 

Apr 2023 
Understanding social inequalities and 

social problems in health! 
Basel 1 ECTS 

May 2023 Migration Health Basel 1 ECTS 

Aug 2023 

NCD control in a global health 

perspective: public health and health 

systems strengthening approaches 

Lugano 1ECTS 

Oct 2024 
Causal inference for population health 

sciences 
Basel 2 ECTS 

Nov 2024 Foundations of Public Health  Zurich 2 ECTS 

Total 

ECTS 
  

18 

ECTS 



 
103 

 

Curriculum vitae 

 

PERSONAL INFORMATION Stefano Tancredi 
 

EDUCATION AND 
TRAINING   

 
 

WORK EXPERIENCE  

 

01/2022 – present PhD student in Medical Sciences 
Population Health Laboratory, University of Fribourg, 

Switzerland 

 
12/2017 – 12/2021 Medical specialty training (Postgraduate) (110/110 cum 

laude)  
Hygiene, Preventive Medicine and Public Health; University of 

Modena and Reggio Emilia 

 
15/02/2017 State Exam for Abilitation to Medical Practice (270/270) 

University of L’Aquila 

 
22/10/2016 Degree in Medicine and Surgery (110/110 cum laude) 

University of L’Aquila 
 

2009 High School Diploma (95/100) 
Liceo Scientifico “A.Bafile” – L’Aquila 

 

Courses  

03/2021 – 11/2021 Healthcare Management Specialization Course 

Catholic University of the Sacred Heart, Rome 

Management of human and technological resources, continuous 

quality improvement, hospital performance evaluation 

06/2018 – 01/2019 Clinical Governance Core Curriculum  
-GIMBE Foundation, Bologna 

Strategy and tools for clinical governance actions, audits and 

clinical guidelines/pathways 

10/2023 – present Epidemiologist (Médecin Epidémiologue) 60% 

Observatoire Valaisan de la santé, Sion, Switzerland 

Activities: Population health monitoring and quality of care 

 
01/2021 – 12/2021 Visiting Researcher c/o Population Health Laboratory 

University of Fribourg, Switzerland 

Supervisors: Prof. Arnaud Chiolero, MD PhD; Dr. Stéphane 

Cullati, PhD 

 
    30/03/2020 – 31/12/2020 Public Health Physician  

Public Health Department, local health unit of Modena (AUSL 

Modena) 
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PERSONAL SKILLS  

 

 
 

Activities: Vaccination counselling, COVID-19 contact tracing  

 
01/11/2019 – 30/03/2020 Resident Doctor c/o Public Health Department “AUSL 

Modena “ 

University of Modena and Reggio Emilia  

Activities: Vaccination counselling 

Supervisor: Dr. Giovanni Casaletti, MD 

 
08/01/2019 – 01/11/2019 Resident Doctor c/o Teaching Hospital “Azienda 

Ospedaliero - Universitaria di Modena “ 

University of Modena and Reggio Emilia  

Activities: Infection prevention and control, risk management 

and operation theatres’ efficiency 

Supervisor: Dr. Elda Longhitano, MD 

 
   10/2018 – 2020 Academic Representative c/o “Consulta degli 

Specializzandi” (2018 – 2020) 
Italian Society of Public Health - Società Italiana di Igiene, 

Medicina Preventiva e Sanità Pubblica (SItI) 

 
29/12/2017 – 08/01/2019 Resident Doctor c/o Department of Biomedical, Metabolic 

and Neural Sciences 
University of Modena and Reggio Emilia 

Activities: Nutritional, environmental epidemiology and healthy 

lifestyle promotion 

Supervisor: Prof. Annalisa Bargellini, PhD 

 
11/04/2016 – 22/10/2016 University Tutor 

 University of L’Aquila 

Activities: Support for students with disabilities enrolled at the 

University of L’Aquila 

Mother tongue Italian 

Other languages UNDERSTANDING SPEAKING WRITING 

Listening Reading   

English  Excellent Excellent Excellent Excellent 

French Good Good Good Good 

Digital skills SELF-ASSESSMENT 

Information 
processing 

Communication Safety 
Problem 
solving 

 
Proficient  Proficient   Proficient  Independent  

 Softwares: STATA software, Microsoft Office package, R 
software 
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