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	[bookmark: _Toc420928156]Management Summary
There are growing concerns worldwide about the emergence and re-emergence of zoonotic pathogens and their impact on animal health, public health and the economy. As a result, the European Union is reinforcing the monitoring of zoonoses and zoonotic agents within its member states and there is a strong interest in establishing reliable surveillance programmes that serve as “early-warning” systems to identify such pathogens rapidly and to implement timely and efficient disease control strategies. Switzerland currently benefits from a high standard of animal health compared to its European neighbours but is faced with the same growing zoonotic threats. The Swiss Animal Health Strategy 2010+ emphasises the role of prevention to achieve and to foster the strategic goals of animal health sustainability in Switzerland. As such, the development of cost-effective tools for animal disease and food safety surveillance is of priority to Swiss decision-makers in the field of veterinary public health. The development of a “system for early detection through syndromic surveillance” represents a concrete measure in the FVO action plan. 

The overall goal of this project was to contribute to the development of a system for early detection of emerging and re-emerging diseases in Switzerland by using syndromic data already available for livestock, and by developing pattern recognition algorithms to produce alerts when such pre-selected events occur more often than expected by chance. In a first instance, several animal health datasets (both public and private), in which we identified syndromes that illustrate various types of diseases and different stages of the food production  chain, were screened and assessed with respect to current availability and eligibility to produce early warning signals. Methods to exploit data on mortalities, abortions, meat inspection results, data from rendering plants etc. were developed and aberration detecting algorithms were tested.   Algorithms were evaluated in terms of sensitivity, specificity and timeliness and validated through outbreak simulations. Finally, in close collaboration with the potential implementing bodies of a Swiss livestock syndromic surveillance system, solutions for technical implementations of algorithms in existing databases for real-time screening as well as a framework for evaluating such a system have been discussed.
This project serves as a stepping stone towards bridging the gaps between the Swiss animal health main stakeholders and encouraging the exchange of ideas on how to improve Switzerland’s capacity for disease surveillance and management through the harmonisation of data collection procedure and the development of database linkages for example.
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[bookmark: _Toc420928157]What is syndromic surveillance[footnoteRef:1]? [1:  Parts of the following section are reproduced from [1] Dórea FC, Sanchez J. and Revie CW. Veterinary syndromic surveillance: Current initiatives and potential for development. Prev. Vet. Med. Aug. 2011; 101: 1–17.] 

The Triple-S project[footnoteRef:2] defines syndromic surveillance (SyS) as follows: [2:  http://www.syndromicsurveillance.eu/] 

“The real-time (or near real-time) collection, analysis, interpretation and dissemination of health-related data to enable the early identification of the impact (or absence of impact) of potential human or veterinary public health threats which require effective public health action.”
The anthrax attacks of 2001 in the USA,  and the 2002–04 outbreak of severe acute respiratory syndrome (SARS) underlined the necessity to recognise patterns indicative of a possible introduction of human pathogens, natural or not, as early as possible. SyS was developed to make use of the wealth of pre-diagnosis data automatically collected by a range of organisations such as sales of over-the-counter medicine, absences from work or school, patient's chief complaint upon emergency visit, or laboratory test orders. Due to the lack of specificity associated with pre-diagnosis data, this new type of surveillance targets general groups of diseases, or syndromes (hence the name “syndromic surveillance”). The types of events for which SyS may be useful (Figure 1) and its timeliness compared to other systems (Figure 2) are presented below.

[image: ]
Figure 1: Decision tree for determining if syndromic surveillance meets your needs. Reproduced from [1]
[image: http://ars.els-cdn.com/content/image/1-s2.0-S0167587711001528-gr1.jpg]
Figure 2: Schematic representation of the disease continuum in a population, and the surveillance opportunities according to population targeted, and type of data used. The scheme illustrates the proportions of subjects in each step of the disease process, for each of the three populations, in comparison to their initial population. The absolute number of livestock, companion animals and humans exposed to any given disease is not likely to be equal, and the top bars should be interpreted as the scaled total population. Proportions are illustrative only. Similarly, icons are not intended to represent a true count, but to illustrate comparative abundance. Reproduced from [2]

SyS is intended to complement specific surveillance by detecting changes or events that would either not have been detected or would have been detected later by a specific surveillance system. For example, SyS seeks to address the main limitations of passive surveillance methods based on laboratory confirmation and disease reports by clinicians [3], namely: chronic under-reporting; a long time lag between outbreak onset and diagnosis; and a low sensitivity as a result of the high specificity of these methods.

A primary assumption of any SyS system is that the behaviour of the population changes when their health is affected, and that clusters (in space or time) of these behavioral changes can be detected if the population is continuously monitored [4]. The assumption is not that the data are representative of the disease burden in the population (and usually no attempt is made to estimate such parameters, as various biases are recognized to exist), but that they are sensitive to changes to the level of disease in the population, containing an early, though weak, signature of a disease outbreak [5]. SyS based on pre-diagnostic data is particularly relevant for production animals as 1) formal diagnosis is less often reached than in human medicine; and 2) the decision to send samples to the laboratory for is mostly taken on economic ground.  

Some key points regarding production animal SyS:
· It is based on non-specific and wide-ranging health indicators to help detect a broad range of events (expected or unexpected).
· It can detect known or emerging diseases for which there are no existing disease-specific surveillance systems.
· It can validate and support alerts generated by other surveillance systems 
· It can identify suspected infected animals or farms for microbiological sampling  (e.g. case finding during a response to an epidemic or disease eradication program)
· It can provide (near) real-time information for media enquiries about population health in the event of a public health emergency.
· It can identify potential signals and provide outputs that may help decision makers take early action.
· It can, in some cases, be relatively inexpensive to create, when based on data that are already collected. 

The application of SyS for animal health is more recent but has already been described for swine [6], for cattle [7], for equids [8], for caprines [9] and for wildlife [10]. Several veterinary syndromic surveillance systems are currently in place in the EU. FarmFile in the UK has been used to collate epidemiological information on all clinical submissions received by the Veterinary Laboratories Agency (VLA) since 1998 and was developed to improve detection of new diseases [11]. In France, the OMAR project uses the National Cattle Register to monitor cattle mortality [12]; whilst in Denmark, VETSTAT primarily monitors veterinary usage of drugs in animal production but also provide data for epidemiological research [13]. Other systems in Europe include MoSS-Emergences 2 in Belgium, Kotadatabasen in Sweden, and GD Monitor in the Netherlands. An excellent overview of veterinary SyS can be found in [2].

In the Swiss Animal Health Strategy 2010+, “early detection” was identified as an important performance target in the field of “prevention”. The development of a “system for early detection through syndromic surveillance” represents a practical measure in this strategy; and in autumn 2010 experts from the different departments of the Federal Food Safety and Veterinary Office (FSVO) and representatives of the Veterinary Public Health Institute discussed potential strategies on how to proceed. The development of methods to exploit existing animal health data (e.g. mortality including abortions, meat inspection results, data from rendering facilities etc.) for SyS was identified as a necessary step towards that target. These methods are extensively presented in section II.

Despite the growing interest in SyS, there is little practical information to guide animal health SyS developers in developing and operating a SyS system.  There are some publications describing methods for animal health surveillance in general that are relevant to SyS. These  include: key terms and concepts for animal-health surveillance [14]; key methods for surveillance [15]; a conceptual framework for population health surveillance and foreign animal disease surveillance [16];  surveillance to document freedom from animal diseases [17] and methods for evaluating animal health surveillance [18,19]. The Animal and Plant Health Inspection Services (APHIS) from the US Department of Agriculture have also published standards focused on (1) key components, (2) data, and (3) information management for surveillance systems [20]. Similarly, the Department for Food and Rural Affairs (DEFRA) has published a list of surveillance system requirements for the UK [21]. Many SyS resources are available from the public health surveillance sector that may have relevance to animal health SyS. For example there are methods available for the early detection of disease outbreaks [22]; recommendations for SyS systems for bioterrorism preparedness  [4]; many approaches for selecting, fitting and evaluating event detection algorithms [23]; and methods for evaluating public health syndromic surveillance [24].When this project started in 2011, no practical, animal health specific SyS guidelines had yet been published. This is likely because SyS in animals, was relatively new and also because there was considerable variation among the approaches to SyS for livestock [2,25]. This spurred John Berezowski and I to develop and publish a practical approach to designing a SyS system for livestock and poultry [26].
[bookmark: _Toc420928158]Proposed approach
Project management methods have long been used to support science in building evidence that can be delivered  within finite resources and funding  [17].  The 6-steps (Figure 3) approach we have put forward for the development of SyS for production animals in Switzerland [26] loosely follows the population health surveillance theory outlined in [16].

[image: http://ars.els-cdn.com/content/image/1-s2.0-S016758771400405X-gr1.jpg]
Figure 3: Proposed conceptual steps to be undertaken before operating a national SyS system. Reproduced from [26]





Step 1) [bookmark: _Toc420928159]Define the policy purpose and surveillance goals of a national livestock SyS system
The SyS policy purpose is a set of statements describing how the surveillance information will be used to support decisions. It can also be thought of as the need that triggered the development process (Box 1). SyS can cover a wide range of policy purposes, for example:
· Detection of unexpected health threats.
· Early-warning: detection of start of expected event (e.g. seasonal flu).
· Situational awareness: quantify & monitor the impact of identified threat (severity, geographical extent, population at risk…).
The policy purpose is critically important because it will guide the design of the SyS, define the SyS outcomes and information produced (the surveillance objectives), and provide standards against which the SyS will be evaluated. For example, the policy purpose will dictate:
· Whether the SyS system will be used for specific disease(s), or to detect a non-specific change in the health of a population that will be requiring further investigation?
· Whether the SyS system will be designed for short-term/ high-risk situations or long-term/ continuous use?
· The operational scale of the SyS system: small scale (farm level) vs. large scale (national)?

Box 1: Possible policy purpose of animal SyS in Switzerland (suggestion):
Why does Switzerland need an animal health strategy? In “Swiss Animal Health Strategy 2010 +”
“In a comprehensive sense, animal health includes measures and conditions to eliminate or significantly reduce the impact of diseases on animals including their wellbeing environments. According to animal health legislation and the threat situation outlined, the public veterinary service focuses in its “Swiss Animal Health Strategy 2010 +” on infectious diseases and, in particular, on zoonoses (diseases that are directly or indirectly transmissible from animals to humans). Thereby impeccable primary production with healthy animals is crucial for the production of safe food.” 
Hans Wyss, Director of FSVO
 









The FSVO needs a wide range of information in order to make decisions about the mitigation of infectious animal diseases. Mitigation, as defined in [27], is “the process of making the effects of disease less severe by avoiding, containing, reducing or removing it”. As such, both surveillance and intervention activities are part of a mitigation strategy. Effective surveillance helps to offset the negative effects of disease on animal and food production by promoting successful interventions. Häsler et al. [27]divided the mitigation process into three stages (sustainment, investigation and implementation) each requiring different surveillance objectives (Figure 4). At the start of the mitigation process (the sustainment stage), a pathogen is viewed as either absent or present at an acceptable level. The surveillance objective during that time is to document that a pathogen remains below a defined threshold, and to provide early warning of an increase in incidence or other significant changes in risk (e.g. higher pathogenicity, new subtype). If the pathogen cannot be contained (the investigation stage) surveillance activities seek to obtain critical epidemiological information (e.g. disease incidence or the direction/rate of dispersion) to inform decisions about the intervention strategy (e.g. timing and scale). During this implementation stage, surveillance documents the progress in the light of interventions.  Since livestock SyS is a relatively new addition to the surveillance toolbox, it is likely that the full utility of SyS has yet to be discovered and we expect the range of achievable objectives to expand as animal health SyS continues to grow (Box 2).

[image: ]
Figure 4 : Schematic illustration of surveillance objectives in relation to a three stage mitigation system. A: (re-)emerging or exotic epidemic pathogen that is not controlled by response measures, B: (re-)emerging or exotic epidemic pathogen that is controlled by response measures, C: continuous free status, D: endemic disease, dotted line: true value unknown. Reproduced from [27]


Box 2 : Possible goals of animal SyS in Switzerland (suggestions):
· To detect incursions from formerly unknown diseases
· To support the work of the existing animal health surveillance and notifiable diseases systems 
· To detect earlier bovine viral diarrhea incursion on herd-level earlier than with traditional surveillance sytems
Note: In Switzerland, it may be necessary to differentiate between ”government-led” SyS activities/goals that will focus on diseases (Step 2) that affect trade or public health (Tierseuchen) from those led by industry groups (and Früherkennung?) which may seek to encompass a broader range of diseases including those that affect productivity (Produktionskrankheiten, keine Tierseuchen) in addition to those that affect trade.








Early on in the development of the SyS system, a steering group made up of all influential stakeholders should be created (Box 3). The group should include those who provide data for the system (data providers and managers), those who design and operate the system (statisticians, epidemiologists, funders) and those who will use the information generated by the system (decision makers). The whole group should be engaged in the process of defining the SyS objectives. These should be: 1) relevant; 2) detailed, precise and formalised; 3) considerate of stakeholder expectations; and 4) should reflect priority issues (OASIS criteria developed by [28]). In addition, they should be technologically achievable within the available budget, and they should be valid scientifically. Ideally, consensus on the SyS objectives should be achieved. 
Box 3: Tasks of steering group of animal SyS system in Switzerland:
· Define purpose and goals of the SyS system (Boxes 1 and 2)
· Identify infrastructure on which the SyS system would rely (Table 1)
· Define roles, responsibilities and expectations of stakeholders
· Ensure participation of data providers (limit additional burden to their work & solve issues of data governance)
· Identify links with other surveillance systems including wildlife & human.
· Define a protocol for investigating alarms and communicating alerts (Step 6)
· Define the criteria for evaluating the system (and who will do it) (Section III)
· Discuss the added value and feasibility of European comparability
Note: In Switzerland, the tasks above have already been undertaken and discussed within the projects “Equinella” and “Netzwerk Rindergesundheit/Netzwerk TGDataS”. 









 

The group may be large and will likely be diverse in terms of desired objectives and views of SyS capabilities. Reaching consensus may be a challenge. 

Table 1: Examples of resources needed to establish SyS systems at minimum and enhanced levels. Reproduced from [1].
	Level
	Human resources
	Infrastructure

	Minimum level 
	Data analysts (*2)
Scientific assistant (*1)
Senior epidemiologist a (*1)
IT (*1)
Communication b
	Computers
Software
Phones
Other

	Enhanced level: additional suggested resources to improve the system or manage multiple systems
	Medical epidemiologist (*1)
Scientific assistants (*2)
Experienced statistician (*1)
Administrative support (*1)
IT (*1)
Business and communication support c (*1)
	Computers
Servers
Offsite backup servers
Software
Phones
Other


a The epidemiologist should have substantial experience in statistics and data analysis.
b Communication should form part of the system’s work.
c Ideally, there should be a clear link between the organisation’s communications or media professional and the system owners in both day-to-day communication and in time of crisis/incident. The communication strategy of the SyS system should be linked to that of other existing surveillance systems (sharing media professionals if possible). If a dedicated website is planned, sufficient resources are needed for updating and maintaining the site.








Step 2) [bookmark: _Toc420928160]Select diseases & populations for surveillance 
It is necessary to define the health event that the system is intended to monitor (Box 4). The surveillance goals set in Step 1 will dictate whether the SyS system will be ‘‘syndrome-based’’ (SBS), ‘‘syndromic-non-specific’’ (SNS) or both [29]. Whereas SBS focuses on monitoring defined syndromes, diseases or outcomes of interest (e.g. a specific disease(s) or influenza-like illnesses), SNS aims to monitor non-specific indicators such as the number of dead stock picked up by rendering companies, or the sales of antimicrobial pharmaceuticals. SBS would enable situational awareness for defined health threats, and could be used to identify clusters of excess cases with specific disease characteristics that might represent an outbreak with a defined cause. An example is a geographic cluster of samples from aborted material sent to the laboratory for Brucella testing. Such data are still syndromic because they are pre-diagnostic (a request for a Brucella test does not necessarily mean the sample will be positive), but they are based on clinical suspicion providing some indication of the type of disease occurring in the cluster. On the other hand, a SNS would focus on identifying unexpected excesses of indicators that could be caused by unknown, unspecific or many disease processes, making SNS useful for detecting previously unknown and unseen diseases.

A SBS should target those diseases that are of importance to the national animal health community. As such, it is important to find consensus on national priority diseases and then to identify current surveillance gaps which should be filled by the future SyS system. Many livestock and poultry diseases could be of interest to SyS system designers (depending on the goals defined in step 1 above). These could include any or all of: OIE listed diseases, endemic diseases, sporadic diseases, exotic diseases, re-emerging diseases, new (emerging) diseases, zoonotic diseases, production diseases, and diseases that affect trade. 

Depending on their nature, diseases will be differently expressed in space, time, and demographic strata of the livestock population. The geographic, demographic, and temporal coverage of the SyS system must therefore be sufficient to support anomaly detection. It may be relatively easy to define the adequate level of aggregation (e.g. age, production type) in a SBS system with known risk factors for specific diseases. However it is often difficult to identify a priori the subpopulation groups for SNS systems which aim to detect unexpected events. Similarly the most suitable spatial scale cannot be easily defined: a system able to identify problems at the herd level could be the most convenient for risk managers, whereas significant abnormal increases in the syndromic indicator may only be possible at the regional or national level [30]. The target population about which statistical inference will be made should therefore be defined in terms of 1) animal or group type; 2) epidemiological unit (animal, herd, region, etc.); and 3) administrative unit (e.g. county, region, canton, district etc.). Both the targeted population and targeted health threat(s) should be taken into account in step 3 when evaluating potential data sources (Box 5).
Box 4: Possible diseases monitored by the animal SyS system in Switzerland
The surveillance goals set in Step 1 will dictate whether the SyS system will be ‘‘syndrome-based’’ (SBS), ‘‘syndromic-non-specific’’ (SNS) or both. However, some surveillance activities already in place already collect both SBS and SNS data which may be integrated (depending on policy purpose and goals) in a future SyS system.
SBS data:  
· Equinella: clinical suspicions (pre-diagnosis) of several non-notifiable equine diseases
· Official laboratories: samples received for a particular test

SNS data:
· Equinella: reporting of fever, diarrhea…cases
· PathoPig: use of antibiotics, resistance to therapy, mortality…
· LyMON: altered lymph nodes of slaughtered cattle



	









Box 5: Target populations for the animal SyS system in Switzerland:
The surveillance goals set in Step 1 will dictate whether the SyS system will be ‘‘syndrome-based’’ (SBS), ‘‘syndromic-non-specific’’ (SNS) -or both- and the target populations. However, some ongoing surveillance activities, which may be integrated in a future SyS system, cover the following populations:
	Datasource
	Animal type
	Epi. unit
	Admin. unit

	Equinella
	Equids
	Animal
	Community?

	Laboratories
	Cattle, Swine, 
Small ruminants, Equids…
	Animal or herd
	Community? Canton?
CH?

	PathoPig
	Swine
	Animal
	Canton?

	LyMON
	Slaughtered cattle >3 years
	Animal
	Slaughterhouse? Canton?








Step 3) [bookmark: _Toc420928161]Inventory and evaluate available data sources
[bookmark: _Toc420928162]Health data sources
A data source can be chosen anywhere along the continuum of the disease process, the animal life cycle, or the production chain. It may originate from producer or professional organisations [31], private practitioners [32], diagnostic labs [33], government agencies [30], and businesses such as slaughterhouses [34] and livestock markets [9]. The data source for a SyS system whose main objective is early detection will need to be one that collects data early in the onset of the disease (or earlier than other surveillance systems)(Figure 5).
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Figure 5: Human and animal health data sources by underlying infection and associated behaviours. Reproduced from [1]

The relevance of the different data sources will be different for SBS or SNS SyS systems. For the former, clinical pre-diagnostic data will preferentially be used, and for the latter, a combination of pre-clinical and/or clinical pre-diagnostic data will be more appropriate. Data sources with relatively long history will be preferred as the availability of baseline data will make the fitting of aberration detection algorithms (step 5) easier.

The availability of each data source must be precisely established. SyS that is based on existing data is a secondary use of data, meaning that the data are collected for some other, often non-surveillance purpose. Many of these data are in databases controlled by people or organizations that are different for the organization conducting the SyS (Box 6).

Box 6: Possible SyS animal health data sources
· Veterinary clinics: data based on the clinical diagnoses made by veterinarians for a range of medical conditions.
· Slaughterhouses: meat inspection is conducted in every European slaughterhouse to ensure the food safety of meat products. Inspection can produce valuable indicators for SyS (e.g. condemnation rates, the frequency of reasons for condemnation).  Slaughterhouses are particularly interesting since they represent the final destination of most livestock and so have high population coverage. 
· Laboratories: When the first clinical symptoms occur in animals, veterinarians make a list of suspected diagnoses and request laboratory tests to confirm their hypothesis. By monitoring the number and type of requests for testing, emergence of diseases could be detected earlier. 
· Farmers or professional organisations: farmers or breeders’ associations usually collect production data for monitoring their activities (e.g. milk production level and quality, fertility). Since a drop in production can be an early sign of disease, production indicators may be suitable for use in SyS systems. 
· Volunteers self-reporting: a network of participants (e.g. veterinarians, farmers) report cases on a voluntary basis. 
· Rendering plants: according to European legislation, “fallen stock” represents a risk to public health and must be rendered in authorised plants. The legislation also specifies that any person (public or private companies) collecting and rendering animal cadavers has to record the following information: quantity collected, identification number, date and place of collection. Many rendering plants collect additional information (weight of cadavers, production type) for their own purposes or because of specific national regulations.
· National cattle registers: They represent another important source of data on cattle mortality and reproduction (e.g. calving interval). Cattle owners have to report within seven days all movements to and from the holding, and all births and deaths of animals on the holding, along with the dates of these events. These registers are supposed to be comprehensive and rapidly updated, and so may be suitable for implementing real-time mortality surveillance systems.



























In some cases, the data in these databases may have originated from third parties, and this can have important legal and ethical implications (Box 7). For example veterinary practices collect and store data about diseases that occur on their clients’ farms as part of their medical and billing records. Who has legal ownership of these data will be defined by the laws in the jurisdiction where the farmer and the veterinarian reside. Regardless of who owns the data legally, veterinarians will often wish to keep their clients data confidential if for no other reason than to safeguard the trusting relationships they have built with their clients. A data sharing and use agreement that protects the confidentiality and privacy of all data providers and very clearly defines the terms of use of the data is essential. These should be initiated by the SyS operator as many individuals and organizations that collect or hold data may not have previously dealt with this issue. 

Negotiating the terms of use of the data and the information generated from it is a worthwhile process as it is an opportunity for the SyS provider to explain the purpose of the SyS, who will benefit from the SyS, how the data will be used and protected, and the risks for participating.  It also precipitates discussion about the acceptability by the data provider and all stakeholders of the consequences of an outbreak suspicion. System developers should make sure that the owners and providers of the data are aware of the potential consequences of data sharing. A farmer who is contacted by a team investigating a potential disease outbreak on his or her farm without being aware that he or she has been contributing data via their veterinarian to a SyS system could harm all parties (farmer, veterinarian, and SyS operator). Data use agreements must also specify the terms of communication of information derived from the data. Communication of any identifying information in a public forum about the occurrence of a sensitive disease can significantly and sometime irreparably damage a farmers’ livelihood or potentially the industry as a whole. 

Box 7 Main characteristics of available animal health data sources in Switzerland:









[bookmark: _Toc420928163]Which variables to collect?
Data providers will usually be able to communicate a list of the health and health-related variables that they normally or could easily collect. The main variables of a SyS will be health variables:
· Unspecific clinical data (e.g. symptoms, provisional diagnosis)
· Proxy measures of population health (e.g. drug sales, carcass condemnation rates)
· Treatment/prescriptions (may be used to monitor changes in the severity of an evolving outbreak)

In order to ensure the data source’s representativeness of the target population, information on demographics should be available such as:
· Age
· Sex, neutered status and parity
· Species, breed and production type

To choose the most appropriate scale for the SyS system, geographical variables need to be collected. This will determine the smallest area unit available:
· Country
· Canton
· Postcode/Municipality
· Herd: the most relevant epidemiological until for production animals’ health. However, the number of occurrences of a syndrome will often be low at this level, resulting in the need to group counts over a longer time-scale (which will reduce timeliness) or over a larger geographic area (which may be recommended for confidentiality purposes).
Provided fine-scale geographic information is available, it can also subsequently be used to map the origin and spread of outbreaks.

Discussing the future SyS data with statisticians will ensure that all the variables necessary for the analyses (e.g: is a denominator required?) are available and in a format that allows appropriate analyses and meaningful interpretation of the data. A useful endeavour in this phase is to develop minimum data requirements to achieve all surveillance objectives while minimizing the amount of data collected, especially eliminating data with no direct added value for analysis or reporting [35]. Such minimum dataset should contain signs/symptoms and proxy; demographics (at least species, age and production type are a bonus when available); geographical information and temporal information (e.g. date of call/visit).

[bookmark: _Toc420928164]How to evaluate data sources?
One can then compile an inventory of the data sources that are available and evaluate each using the criteria developed. We suggest at a minimum to use the following evaluation criteria:

Data dictionary:
Since many SyS are secondary data uses, it is likely that the data being considered for SyS were collected by someone other than the SyS operator.  A data dictionary that is a clearly written, easily understandable description of the names of the values (terms) in each variable is essential, as is a definition for each term in each variable. It is essential for understanding the data and more importantly for understanding how the data relate to the population under surveillance. Knowing the meaning of the terms used in the data will be essential for defining the syndromes and time series that will be monitored for detecting disease outbreaks. Finally having well-defined terms will allow comparison of SyS results between different data sources, SyS systems and across jurisdictions. This would be further facilitated by having internationally agreed upon standards for SyS terminology; however these have not yet been established.    

Recording: 
All data should be electronic. The main difference between various data formats is the extent to which they are structured (Table 2). The description of the system's data management should address who is allowed to enter the data, how and at what levels the data can be edited, and what checks are in place to ensure data quality (spelling, missing fields etc.). Training may have to be put in place to ensure that all data providers are aware of data quality requirements.  Ideally, the data provider is able to incorporate the dataset collection into an existing reporting schedule without incurring any additional work. However, there will be times when a bespoke data collection system will need to be developed, resulting in additional costs.

Table 2:  Different data formats that can be used in SyS systems. Reproduced from [1]
	Format /Description
	Pros
	Cons

	Spreadsheet :
Excel spreadsheet
or spreadsheet from
‘Office-like’ software

	Little IT experience required in
order to manipulate data.
Can analyse data straight away.

	Large file sizes; limited
flexibility with data storage.
Does not hold data in multiple
relations like Access or SQL.

	Text files :
A string of text
delimited by comma,
tab, semi-colon etc.


	Easy to import to a database, for
example Excel or SQL.

	Not able to immediately
analyse data in this format.

	CSV :
Stores tabular data
(numbers and text)
in plain-text form

	Simple file format, widely used.
Most programmes support CSV
iImport.

	Each line only corresponds to
one record or case in a dataset
i.e. ‘flat’ structure.
Very simple, but inefficient and
inappropriate for datasets with
any complex structure.

	XML :
XML is a mark-up
language with tags
to define data


	XML was created to readably
structure, store and transport
information for database imports.
XML is the most common tool for
data transmission for many types
of application, especially the web,
where it can be automatically
compressed.
Structure of XML allows data to be
imported into multiple relations in
a relational database.
Support of the Web Services
Technology.

	XML is designed to carry data,
not to display data.
XML syntax is verbose and
relatively long.

	JSON :
JSON is a simple
but complete data
format for web
services


	Increasingly common, strongly
structured, flexible, simpler to use
than XML.

	Not yet widely used.



Compliance: 
It is important to assess the completeness of the data as this will have a direct bearing on the value of the data for SyS especially in terms of the validity of SyS signals. This can be done by estimating the proportion of missing values for each variable and eliminating those data sources with too many missing values.

Transmission:
 The minimum dataset then needs to be extracted and transferred to a central unit. A well-integrated system should seek to increase timeliness by meeting the specific primary data collection needs of the providers while avoiding the duplication of effort. In non-integrated reporting systems, the compliance of the data provider to timeless will depend on their primary use of data and their motivation for reporting it. Automated systems are the most favourable since they minimize the amount of work required by the data provider. However they may be difficult to install in some proprietary software and some software providers may not allow additions to their software. In some cases it may be necessary to seek assistance directly from the software provider to construct data export software [36]. The system for transmitting data should also require little maintenance and not rely on specialised support for maintenance. Transmission should be electronic, secure and encrypted (e.g. secure email, secure web server, secure File Transfer Protocol). Transmission that is frequent (e.g. daily when possible) and early (e.g. in the morning to allow for real-time public health reaction) should be encouraged.

Compilation and aggregation:
 In situations in which data from several providers needs to be simultaneously considered, a further step of data compilation must be undertaken. Issues of data privacy and data sharing may become apparent then. Customised data extraction and compilation software may need to be developed [36] to automatize the process of data standardisation between providers and potential linking of animals or animal  premises between the various databases using universal identifiers.

Accuracy of the compiled/received data: 
Once the data have been compiled in the SyS database it is essential to confirm that the data which has been transmitted and compiled is in in fact the same as the data that is present in the data providers’ database. This can be done by selecting a random sample of cases in the SyS database and comparing them to those same cases as they are recorded within the data providers database [36]. 

Epidemiological evaluation: 
Criteria and methods for evaluating data sources for disease surveillance have been developed for human systems and are thoroughly discussed in the public health literature [37,38]. One important consideration is how well these data match the required coverage set in step 2 in terms of catchment area/population for surveillance. Does the data adequately cover the populations, subpopulations or production types and the geographic regions that are required? Another consideration is timeliness; some data even if they are collected in real time may not be reported to a central database for days or weeks and will have little value for early disease detection. The technological infrastructure available for the SyS must at some point be considered. Institutional constraints on software availability and Information Technology (IT) infrastructure will affect the functionality of the SyS and may make it impractical to deal with some data. Each institution is likely to have made organisation-wide decisions about the software that is permitted for use for data bases, data transfer, data analyses, data reporting, as well as rules about using open source versus proprietary software. In addition, human resources may be limited, making it difficult to complete certain tasks such as building tools to transfer data to the SyS database from external databases. 

We have discussed SyS based on the secondary use of data that is already being collected for other purposes. However, there may be situations where there are insufficient data sources available to allow the SyS to achieve the defined purpose and goals. If this is the case, the SyS designer will be faced with the additional task of developing data collection tools and enrolling the appropriate data providers. Designing the data collection tools provides the SyS designer with control of the data that will be collected and enables collecting data that meets the purpose and goals of the SyS. However there are many additional factors that will need to be considered when designing purpose-built data collection tools. While a detailed description of these is beyond the scope of this report, there are a few things that should be mentioned including: determining the best vehicle for data collection (e.g. paper, web page, smart phone app, etc.) that best aligns the purpose of surveillance with the technical abilities of the data providers; following best practices for questionnaire design, especially with respect to keeping the burden of data entry in terms of time and difficulty to a minimum; and developing strategies for timely and sustainable data submission. The last point is extremely important because it will affect not only the sensitivity of the system, but also the long term sustainability of the surveillance. Strategies include payment [39] for timely data submission and returning valued information to the data providers [40].

Step 4) [bookmark: _Toc420928165]Identify, evaluate and select syndrome-time series 
This step consists of two consecutive phases which are needed in order to have the required set of syndrome-time series ready for the fitting and evaluation of aberration detection algorithms (Step 5): a syndrome definition phase followed by a case classification phase.
0. [bookmark: _Toc420928166]Syndrome definition
A syndrome has been defined as “a set of non-specific pre-diagnosis medical or other information that may indicate the release of a bioterrorism agent or natural disease outbreak” [29]. Public health SyS is based on the premise that a significant change in the health of a population will result in an accompanying change in the behaviour of the population [4]. Similarly, a significant change in the health of an animal population should be expected to result in an accompanying change in the behaviour of the animal population and, or, the human population that cares for the animal population. Therefore, for animal health SyS, a syndrome can be any indicator originating from the animal population, animal care giver population or other source, that accompanies a significant change in the health of the animal population.

Based on the output of step 3, a list of syndromes should be produced for all data sources whose monitoring is considered potentially useful for the SyS being developed. The inventory should not necessarily be exhaustive, but rather tempered by an understanding of how the diseases selected for SyS could be expressed in each syndrome and the characteristics of each syndrome. The syndromes defined should ideally lead to high performance outbreak detection (i.e. high specificity for the disease(s) under surveillance and highly sensitive for early detection of outbreaks of those diseases). 

The syndromes most often used in SyS are categorical variables (continuous variable SyS is much less common and will not be considered here). For analyses, syndromes are converted into time series, which are counts of the syndrome occurrence per unit of time. A working definition for a particular syndrome should include the syndrome being counted, the unit of time, as well as other contextual information such as the geographic region, production type, sex, age, or other important information. An example is the number of occurrences of acute diarrhoea in pigs per week in Switzerland. The syndrome that is counted is diarrhoea. The time units are counts per week. The contextual information includes the species: pigs, and the geographic region: Switzerland.

Coding systems are lists of possible values used to code the health information (e.g. observed symptoms or provisional diagnosis). Some data providers may already use a coding system for their data. It may therefore be necessary to evaluate its usefulness for SyS (Boxes 8 & 9), i.e. one should easily be able to map the records to the syndromic indicator of interest. If this is not possible, the data source may not be integrated in the SyS; a new coding system may need developing; or tools capable of using animal-health ontologies to classify animal health records into syndromes in an automated, harmonised way (Box 10).





















Box 8: Syndromes from the Fleischkontrolldatenbank (FLEKO) 
Reasons for whole carcass condemnations are listed in the Swiss legislation. Overall, between 55 and 59% of condemnation codes were used with a frequency of less than 1% for the three animal types (Table  from [60]). 






















Each type of production animal appears to have a specific profile when it comes to reasons evoked for whole carcass condemnations.
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Box 8: (continued)
 “Acute lesions” was the most common cause of carcass condemnation for cattle (both normal and emergency slaughters) and small ruminant (emergency slaughter); while abscesses were the most common cause for pigs (both normal and emergency slaughters). Pronounced weight loss was the most commonly reported cause of condemnations for small ruminant condemnations during normal slaughter. These reasons could constitute valuable syndromic indicators as they are unspecific clinical manifestations of a large range of animal diseases as well potential indicators of animal welfare. Similarly, condemnations for severe injuries or pronounced weight loss could be used, among others, as animal welfare indicators to identify farms on which management practices could be improved. 
The 44 condemnation codes could be grouped into 5 major categories (see below). The first 20 codes (in blue) are related to specific diseases, 6 codes (in green) describe general poor health symptoms, 9 codes deal with characteristics of the slaughtered animal (in purple), 5 with meat quality (in yellow) and the final 4 with treatments received by the animal on the farm (in orange). 











The 6 condemnation codes highlighted in green would be most appropriate for inclusion in a SyS.
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Box 9: Partial carcass condemnations recorded by slaughterhouses [61]
Currently, the FLEKO only contains information about whole carcass condemnations. Partial carcass condemnations (PCC) do occur at a much higher frequency but their declaration to the Federal Office is not compulsory. As such, each slaughterhouse record PCCs differently in their own systems using different coding systems (an example is provided below).










Many of these codes can be grouped by organs (see below), some of which (like liver, kidneys or lungs) may be of interest for SyS.









Cattle from the same herd are frequently slaughtered in different slaughterhouses. To allow PCC data to be used for SyS and early detection, a standardised list of reasons for PCC needs to be defined and used nationwide in all slaughterhouses.
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Box 10: SSynCAHD - Development of an ontology for syndromic classification of animal health data
The National Veterinary Institute in Sweden (SVA), in collaboration with researchers from the Centre for Veterinary Epidemiological Research (CVER) in the Atlantic Veterinay College in Canada, the Veterinary Public Health Institute (VPHI) from the University of Bern, Switzerland, and the French National Institute of Agronomic Research (INRA), have launched a project entitled “Standardising Syndromic Classification in Animal Health Data (SSynCAHD)”. Recognizing that institutions will continue to record animal health data according to their own standards and vocabularies, and recognizing also that data sharing across countries is not easily achievable, SSynCAHD proposes to harmonise syndromic surveillance data use rather than data recording. That would be achieved by standardising the classification of records into syndromes. The advantages would include: an ability to achieve syndromic classification from different sources of data which are (and will continue to be) recorded using the institution’s own vocabulary; the ability to compare VSS system outputs; and the more timely development of VSS systems.

In order to achieve that, SSynCAHD will make use of current technologies of information management and sharing, which are aimed at promoting intelligent access to data. In particular, SSynCAHD will be informed by the latest thinking relating to the Semantic Web, which supports the development of frameworks to maximize the potential of data sharing and reuse.
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Syndromes vary considerably, from non-specific surrogates for disease to very specific case definitions that could be used for detecting an outbreak of a single disease or for disease intelligence during an outbreak. Defining syndromes will be dependent on purpose of the SyS and the contextual information present in the data. For SNS SyS, the syndromic information is by definition non-specific. In addition, the contextual information in the data may be limited and this may restrict the range of available syndromes. In the example of the counts of dead animals picked up by a rendering company, the only syndrome available in the data may be the count of dead animals per unit of time. For data that are used for SBS SyS such as veterinary practitioner data there may be a lot of contextual information present and it may be possible to subset the data into more specific syndromes-time series. In the diarrhoea example above, if the age of the pigs were available the specificity of the syndrome could be increased by monitoring the counts of acute diarrhoea in neonatal piglets less than 2 weeks of age. Since many gastrointestinal pathogens of pigs are age-related this would narrow the number of diseases detected by the syndrome-time series considerably. If information about the within litter prevalence of diarrhoea in neonatal piglets was available, it could be possible to be even more specific by including only farms where neonatal piglets had diarrhoea with very high prevalence. This would further restrict the number of pathogens that could potentially be detected by the syndrome-time series. Other factors that may be used to subset the data include the production type, for instance dairy versus beef for cattle, or the geographic region (community versus canton versus country).

It should be noted that event detection algorithms are statistical tests that are run on each time series with each time unit of analysis. Most importantly, they are subject to error. Sub-setting the data into more narrowly defined syndrome-time series may have the desired effect of increasing the specificity of each syndrome-time series by reducing the number of diseases detected, but it will increase the total number of syndrome-time series that must be tested. For a fixed value of statistical significance, increasing the number of tests run every time period will increase the number of false positive results generated by the whole system. Raising the level of statistical significance for each algorithm may not be the best solution as this will reduce the sensitivity of each individual algorithm

Using well defined and accepted terminology for defining syndromes is important for all stakeholders including those who enter the data, surveillance epidemiologists, and the decision makers who use the information generated from the data. In addition commonly accepted definitions for syndromes and other terms are necessary for comparing SyS findings across jurisdictions. Case definitions might exist for a variety of health-related events under surveillance (e.g. in the Systematized Nomenclature of Veterinary Medicine SNOVET) as they do in public health surveillance [41]. If an official definition does not exist, one must be agreed upon by the system users (a sort of gold standard).

[bookmark: _Toc420928167]Case classification
For some data sources, cases will have already been classified into syndromes. However, for the others, each case (record) will have to be classified into a syndrome class using text-mining and logic rules (Box 11). Both supervised, such as diagnostic learning and rule-based methods as in [42,43], and unsupervised methods, such as multiple factor and cluster analysis as in [44], are available. Even automatized syndromic case classifiers are not 100% reliable. A note of caution regarding the substantial heterogeneity of findings constituting the syndromic case definition can be found in [45].
Box 11: Post-mortem reports classification
Post-mortem data were collected by the Institute of Animal Pathology (ITPA) of the Veterinary Faculty at the University of Bern between 2000 and 2011. The data had been entered into a database using proprietary software. The reports are mostly written in German. Each report entry covers information about the owner of the analyzed animal (address) and the condition in which the cadaver was obtained (age, weight, autolysis etc.) as well as a varying number of clinical diagnostic reports. Usually, an entry is concerned with a single individual. We focused on the data from production animals, respectively cattle and swine. Selecting the relevant data left 8941 entries – 6031 for swine and 2910 for cattle.
We assigned a number of categories to each database entry. We defined 9 organ-system categories (gastro-intestinal, respiratory, urinary, cardiac, lymphatic, musculo-skeletal, reproductive, neural, other) and an open category for diagnoses.
For the organ systems, we used binary classification, i. e. we marked as True those categories, where the corresponding organ system appears to be affected in some way. The diagnosis category comprises a list of diagnoses for every entry. The set of diagnoses was not defined a priori; we ended up using a set of more than 225 different diagnoses.
We used a semi-automatic approach to classify the reports. The classifications are primarily based on the occurrence of keywords. Starting from the frequency-ranked list of terms described in the previous section, we queried the diagnostic text for terms that indicate medical issues as well as their location and (possibly) diagnosis. 
















Box 11 : Post-mortem reports classification (continued)
Negative expressions, which may cause false positive findings (i. e. assignment of an organ system/diagnosis to a report where it does not belong) constitute a major problem. Therefore, we verified the assigned categories to a large extent by reading the terms in their original context. On the other hand, unexpected variations of expressions can lead to false negative findings, i. e. missing annotations. We addressed this problem by automatically expanding the queried keywords to include orthographical/grammatical variants, thus covering inflected forms, spelling variations and typos. For this purpose, we applied a fuzzy match to the normalized and stemmed terms combined with manual weeding-out of false hits (similar looking, but inappropriate term forms).







Some examples of negations: “…no evidence/sign of xy”; “…For xy is no sign/evidence”; “…no clear evidence of xy”; “…xy is not probable”; “…Signs are untypical for xy”; “…xy could not be proved”; “…There is no sign, which could prove xy”.

Some examples for false interpretations:
· The author is not sure about the cause of death/findings and count several possibilitys :  «Beurteilung wegen fortgeschrittener postmortaler Autolyse erschwert / Transportstress? / Hitzeeinwirkung? / Tympanie?»
· The author is using keywords in a different context: «Die Ursache des Aborts ist eine Infektion des Fetus mit dem Bovinen Virus Diarrhöe Virus (BVDV).»
· Diagnoses are not a generalized: «…20cm lange vertikale Bauchwandnaht rechts, am Rand der Naht lokale Haut- und Muskelnekrose …«
Examples for false negatives:
· Word combinations e.g.: hämorraghisches Intestinalsyndrom; foramen ovale
· The author is describing findings by not using any key word
· No cause of disease was found or documentated
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Data have been screened, high quality data have been selected and transported to the SyS database in step 3. So far in step 4, syndromes have been defined and each case (record) in the data has been classified into one of the defined syndromes. We can now convert the data into time series (Figure 6). Each syndrome that is included in the SyS must be converted to a single time series. This is a relatively simple process that can be easily automated. Difficulties may arise due to different formats for recording time, and these should be considered when evaluating data for inclusion in the SyS (Step 3) and may be dealt with in data pre-processing (Step 5).

[image: http://ars.els-cdn.com/content/image/1-s2.0-S016758771400405X-gr2.jpg]Figure 6: Schematic representation of animal health data flow in a SyS system. Reproduced from [26]










[bookmark: _Toc420928168]Describe syndrome time-series?
Box 12: FLEKO [62] 
Pigs, cattle and small ruminants constitute 97% of all slaughters recorded in the FLEKO (the rest being made up of rabbits, horses and farmed game). Poultry is a production sector (including slaughter) that is separate from cattle, pigs and small ruminants in Switzerland so that the estimated 55 million birds slaughtered annually (Swiss Farmer Union) are not reported to the FLEKO. Pigs were the most numerous production animals sent to the slaughterhouses between 2007–2012, representing 75% of all normal slaughters declared to the FLEKO. Cattle came second (17%), followed by small ruminants (7%) (Table 2). However, nearly two-thirds of all emergency slaughters were cattle (64%), followed by pigs (33%) with small ruminants only accounting for 3% of emergency slaughters.






We observed a peak in the number of pigs slaughtered in December, and a peak in March for cattle and small ruminants slaughter. A similar pattern was observed for emergency slaughters (Table 3). However, the seasonality pattern observed in the number of carcass condemnations (during both normal and emergency slaughters) was different. We found that the number of condemnations peaked in December for both cattle and pigs. This indicates that the number of carcasses condemned is not solely affected by the total number of carcasses inspected but by other factors too, such as the seasonality in the prevalence of production diseases or in reproduction.
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Box 13 : Partial carcass condemnations (PCC) at slaughter [61]
PCC data for cattle were privately made by one Swiss slaughterhouse from canton Fribourg between the dates of 01/01/2009 and 31/12/ 2010. Counts for every month (except October and November) were statistically significantly lower than the January base- line. Counts on Tuesday were significantly higher, and counts on Wednesday and Thursday were significantly lower than on Monday (Table 3). Counts on Friday were not significantly different from the Monday baseline. Year was not significant in the count model.
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Box 14 : National cattle registry (TVD) [63]
The median difference between the date the event occurred and the date the event was reported to the TVD was one day for deaths and three days for stillbirths. On farm deaths were reported within seven days 81.95% of the time and stillbirths 73.03% of the time.










Deaths were reported to occur more often on Mondays compared to other weekdays and were lower on Saturdays and Sundays. The number of reported deaths was significantly lower on bank holidays and significantly higher the day after a bank holiday compared to other days. A significant, negative trend was observed over the three years.
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 Box 15 : Pig mortality (rendering) [64]
We obtained four years of pig mortality data (2009-2012) within the four Cantons of Bern, Aargau, Solothurn and Basel-Land (BE, AG, SO and BL), from the rendering firm responsible for the on-farm removal of  all animal carcasses (over 200kg) in these regions. The data comprised the date and place of collection, the type of pig, its weight and its ID number. Total counts per type and per canton are presented in Table 1.1. On average, 1 or 2 carcasses were collected every other day (Figure 1.3).
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  Box 16: Equinella 
Equinella is an electronic reporting and information system for equine infectious diseases based on voluntary participation of veterinary practitioners. The system has been in operation since November 2013 and makes use of a web-based application to capture data (Figure 1). Veterinary practitioners interested in becoming an Equinella sentinel veterinarian have to register. These sentinel veterinarians can report diseases as well as certain clinical symptoms : abortion, anaemia of unknown origin, CNS symptoms, death of unknown origin, diarrhea, fever of unknown origin (Figure 2), pruritus, respiratory tract symptoms, weight loss of unknown origin and other [free text]. On the first day of each month, a reminder email is automatically sent to all sentinel veterinarians. Recipients can either confirm that they had no clinical observations of relevance to Equinella in their practice in the previous month or they can report their observations retrospectively.  










  Box 16: Equinella (continued)
[image: G:\VPHI\Epi\Projects\41_Syndromic_surveillance (Reist Vial Struchen)\Reports_publications\Final report to BLV\Symptoms reported per month 2015-05-31.tiff]
Figure 1: Overall number of reports of clinical symptoms observed in horses, submitted by Equinella sentinel veterinarians since the beginning of the pilot project in November 2013.
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Figure 2: Number of reports of fever of unknown origin observed in horses, submitted by Equinella sentinel veterinarians since the beginning of the pilot project in November 2013.




























  Box 17 : Post-mortems from Vetsuisse Pathology Institute in Bern. 
Post-mortem data were collected by the Institute of Animal Pathology (ITPA) of the Veterinary Faculty at the University of Bern between 2000 and 2011. The data comprised approximately 19,000 report entries. We focused on the data from production animals, respectively cattle (2910 entries) and swine (6031 entries). The number of cattle and swine sent to Bern for post-mortem has decreased by more than 70% over the last 10 years, mostly as a result of fewer pigs being autopsied.








The seasonality observed in the number of individuals sent for post-mortem is different for cattle and pigs, and more pronounced in the former.
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Step 5) [bookmark: _Toc420928169]Fit event detection algorithms to each time series & report
Based on the characteristics of the syndrome time series coming out of step 4, the length of historic data available and the type of outbreak the system must detect, different aberration detection algorithms can be tested. There is abundant literature reviewing [46] and/or applying such algorithms available in both human [42] and veterinary [47] literature. Most syndromic surveillance systems apply variants of the standard univariate statistical process control (SPC) methods, for example Shewhart, cumulative sum or exponentially weighted moving average charts [48]. SPC approaches rely on cumulative differences between observed and expected data in a time window when compared with a threshold. A suspicious increase in the observed data over the theoretical mean is evidence for an unspecified outbreak. Other approaches involve comparing observed patterns with those predicted by a model. Typical models for temporal data include regressions and time-series methods, explicitly accounting for seasonality in syndrome incidence for example [49]. Spatial and spatio-temporal data are more suited to analyses using generalised linear mixed models [50] or scan statistics [51]. Syndromes, like diseases, may cluster in space or time. The automated process of cluster identification, using scan statistics for example, can help identify areas or sub-populations that require further epidemiological investigations.

Different algorithms will require different levels of pre-processing. This is the process of identifying and removing explainable patterns, such as temporal dependence (e.g. daily autocorrelation) or seasonality, which may obscure unexplained outbreak events, and whose presence in the data violates standard control-chart assumptions [47,52]. Pre-processing can also be used to deal with the inherent biases, confounders, and missing records which may have been identified in steps 3 and 4.

Relevant algorithms should then be parameterized and optimized for each time series based on achieving or exceeding performance goals based on the disease(s) that must be detected, the smallest outbreak size that must be detected, and the time frame within which detection must occur [22]. Algorithm evaluation will be based on historical outbreak data if available or on the simulation of outbreaks for the disease(s) under surveillance. The performance criteria of these algorithms (sensitivity, specificity, false positive rates or other parameters) may vary with the type of disease under surveillance. 


Box 18 : statistical monitoring of condemnation rates from Swiss slaughterhouses [66]
We evaluated, via simulation, the performance of a quasi-Poisson regression (also known as improved Farrington) algorithm for the detection of disease outbreaks during post-mortem inspection of slaughtered animals (cattle and pigs).
One outbreak was added to each simulated baseline series, with a random outbreak size and starting point. Outbreak sizes were randomly generated as Poisson variables with mean equal to k times (with k from 2 to 10) the standard deviation of the baseline count at ti. Outbreak cases were then distributed in time according to a lognormal distribution with mean 0 and standard deviation 0.5 [67].  For each parameter k, 1000 time series were simulated.
The improved Farrington algorithm [67,68] fits a log- linear quasi-Poisson model using the available baseline data. The amount of baseline data used can be chosen so that only recent values; within the time window (2w+1) months from the last b years from the current time point; are included to fit the model:
;    with 

The model can include a baseline incidence rate, a trend, a seasonal pattern and the population offset. When parameterising the algorithm based on the retrospective analyses of 6 years of historic data, the probability of detection was satisfactory for large outbreaks but poor for smaller outbreaks. 
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Box 18 : statistical monitoring of condemnation rates from Swiss slaughterhouses [66] (continued)
Varying the amount of historical data used to fit the algorithm can help increasing the probability of detection for smaller outbreaks. 












However, while the use of a 0.975 quantile generated a low false positive rate, in most cases, more than 50% of the outbreak cases had already occurred at the time of detection. The high variance observed in the whole carcass condemnations time-series and the lack of flexibility in terms of the temporal distribution of the simulated outbreaks resulting from the reporting frequency (monthly) constitutes a challenge to the early detection of outbreaks in the livestock population based on this type of data. Reporting frequency should be increased in the future to improve timeliness of the SySS while better sensitivity may be achieved by integrating the meat inspection data into a multivariate SySS simultaneously evaluating multiple sources of data on livestock health.
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 Box 19: Modelling Pig Mortality: Syndromic surveillance in four Swiss Cantons by applying a Poisson point process [64]
We propose a combination of tests covering a weekly, a fortnightly and a four week timespan.
Let ,  and  be independent random variables, whereby S1 corresponds to the collected carcass count in week w within canton c, S2 corresponds to the count in the previous week w-1 within the same canton and S3 to the count in weeks w-2 and w-3 combined. To simultaneously check for aberrations in the number of pig carcasses collected over a weekly, a fortnightly and a four week timespan, three separate thresholds were required. We specified the probability that in area A k1 carcasses, or fewer, will be collected during week w, k2 carcasses, or fewer, during weeks w and w -1 combined, and k3 carcasses, or fewer, during weeks w up to w-3:

which can be evaluated for different combinations of values for 
To find the lowest threshold levels  while maintaining the overall false alarm rate at α, we created a program using  and optimised the combination of thresholds    for a given λ. 
We simulated the spread of CSF in Switzerland under different outbreak scenarios[65]. Overall, a statistical alarm was raised in 65% of the simulated acute CSF outbreaks and in 48% of the simulated mixed CSF outbreaks (Table 2.4).  In 13% of the simulations, the outbreaks were not flagged as a result of the herds passing through the clinical stage into the immune stage undetected, or of the very low number of clinical pigs in the herds (leading to negligible CSF mortality). In 19% of the simulations, some other reason prevented the disease from being detected within the four cantons (e.g. only herds of piglets were heavily affected or only herds outside the four cantons of interest went clinical). In none of these simulations, a statistical alarm could have been raised. 
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Box 20: Modelling Pig Mortality: Syndromic surveillance in four Swiss Cantons by applying a Poisson point process [64] (continued)
Acute CSF outbreaks were detected earlier than mixed outbreaks (Figure 2). In acute scenarios, the first statistical alarm was flagged on average 7 weeks post-introduction as opposed to a minimum of 11 weeks in the mixed scenarios. 
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Box 21: Evaluating the ability of temporal aberration-detection algorithms to detect simulated disease outbreaks in routinely collected cattle mortality data
We extracted the daily number of on-farm cattle deaths from the TVD between 2009 and 2011. Negative binomial regression models were used on the historical data to simulate baseline time-series, into which we injected simulated disease outbreaks of different size, duration and shape (n=60,000). The performance of Shewhart, cumulative sum (CuSum) and exponentially weighted moving average (EWMA) control charts were assessed based on several measures including sensitivity (the ability to detect an outbreak when it occurs), false positive rate (FPR - the probability of sounding an alarm when there is no outbreak) and time to detection (TTD). Control charts are being evaluated separately, under different combination rules, and using different detection limits [a full manuscript will follow in the coming months].











Box 22 : Incorporating case reporting delay into the value of evidence from syndromic surveillance
How to take into account reporting delays in outbreak detection algorithms, in syndromic surveillance for example, is not a trivial question. This is, in part, the reason why most surveillance systems use the date of the reception of data, rather than the (often unknown) date of the health event itself. The main drawback of this common approach is the resulting reduction in sensitivity and specificity of the system (Farrington and Andrews, 2004).
In the relatively few systems for which all dates are known, a correction factor can be imputed based on mathematical models adjusting for the underreporting bias owing to the time lag of the reporting process (Lui and Rudy, 1989). In this study, we are integrating the cumulative probability distribution of the reporting delay of death notifications for cattle (Figure 1) into a Bayesian likelihood ratio framework (Anderson, 2014) to provide circumstantial ‘‘evidence’’ of a disease outbreak from an animal syndromic surveillance system [a full manuscript will follow in the coming months].
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Figure 1: Cumulative probability distribution of the reporting delays for on farm deaths (red) and neonatal deaths (blue) in the TVD. The Swiss legislation states that deaths on farm need to be reported within 3 days (grey line). We focused on reports with relatively short reporting delays (≤ 14 days) which are the most relevant for timely outbreak detection.


























Choices will have to be made (often based on decision theory [53]) regarding the alarm thresholds of the algorithms, i.e. above what level of excess syndrome counts is an epidemiological investigation instigated to confirm/identify the health event behind the statistical signal (unlike monitoring systems). Similarly, the frequency of analysis needs to be agreed upon and should be based on the practical possibilities: can the pre-processing and analysis process be automated and run on a daily basis or does it have to be done “manually” by an operator with a statistical background? Even in an automatized system, a process for scheduled evaluation of the performance of the algorithms and re-parameterization (as may be required) should be developed as the baseline behaviour of the time-series (mean, variance…) may change periodically or over a longer time scale. When this happens, the system developers should investigate why it is changing and re-evaluate algorithm performance by injecting outbreaks into the new baseline.

Stakeholders must agree on a communication strategy for the SyS system. Mere accumulation of knowledge without any relevant output is useless. Data interpretation must provide timely and relevant information that meets surveillance objectives. The exact content of the information disseminated will depend on the audience (e.g. general public, system users, decision-makers etc.) but should always include a brief description of how the system works and how the data were analysed; information about the system's performance (e.g. mean/variance of time-series to detect possible change in the baseline) and the degree of confidence in these results; and some epidemiological intelligence (e.g. summary graphs and maps). Such knowledge should then be quickly and effectively disseminated. The dissemination of output to system users and epidemiologists should be done in almost real-time in order for them to assess the potential implications. This is most efficiently done through electronic interchange (e.g. reports can be automatically sent by email to a list of users after each analysis). Such users also have the possibility to access and drill down into the raw data to support a field investigation (see step 6). During non-acute situations, communication to decision-makers may be limited to quarterly reports or meetings, debriefing about the latest observed trends and possible data issues encountered. Dissemination of epidemiological knowledge to other stakeholders (e.g. animal health professionals or researchers) and/or the general public may be done via the Internet, press releases or newsletters. During acute situations (following the confirmation of an alarm in step 6), the analytical output produced by the system should be rapidly presented to the decision makers with advice and recommendations for multiple public health action options. Wider communication should strictly follow the guidelines in place in the relevant animal health authority/ministry. These may include the publication of official statements to the general public and professionals and the use of social media (or more traditional media) to convey the message to a wide audience in a short time.
























Step 6) [bookmark: _Toc420928170]Define an appropriate response for detected signals
Finally, it is essential to develop a minimally acceptable response protocol for each signal or alarm produced [54]. The first step in investigating an alarm is confirmation of the signal. The individual cases that triggered the alarm must be examined to obtain geographic (and potentially demographic) data. Then if the signal is determined to not be a consequence of duplication of individual case data or data entry error, the specificity of the signal may be increased by:
· Evaluating the absolute number of cases leading to the alarm.
· Validating the alarm using data from other surveillance systems covering the same population (sentinel veterinarian network, pathology data etc.).
· Speaking directly to the individuals who entered the case data.
· Using email lists to query animal health specialists about specific conditions relating to the excess cases in question.
· Requesting additional testing of animals to rule specific diseases in or out. The development of virome analysis using next generation sequencing at the Virology Institute in Bern will enable in the future the unspecific identification of all viruses present in a sample without requiring knowledge of the virus and independent of the existence of specific diagnostic tools. 
· Initiating an outbreak investigation.

The nature and magnitude of the event will influence the intensity of the response (from a phone call to veterinarians at the reporting sites to dispatching a team of epidemiologists in the field etc.). This will also depend on the relationship between the indicator and the real health status of the population under surveillance. Statistical alarms produced by systems based on the monitoring of non-specific data should thus be carefully interpreted before being converted into epidemiological alerts and transmitted to field investigators. An in-depth study of the variation factors of the monitored health parameter should be carried out before running the system for surveillance, in order to facilitate the rapid interpretation of anomalies detected day-to-day.

Since both SBS and SNS monitor pre-diagnostic indicators, a signal from either type of SyS will require an immediate investigation to determine whether there is an ongoing outbreak in the population and to identify the cause. However the magnitude, intensity and nature of the investigation will likely be different depending on whether the SyS is an SBS or SNS system. Because SBS monitors a specific disease or group of related diseases, SBS provides some information on which to focus an outbreak investigation (i.e. an increase in submissions for Brucella testing would suggest at Brucella-like disease outbreak). SNS however may provide little additional information to guide an outbreak investigation. An unexpected increase in the number of dead stock picked up by a rendering company could be caused by an outbreak of any one of a large number of candidate diseases. In the case of a signal from a SNS outbreak investigation would by necessity cast a large net and be very nonspecific.




















[bookmark: _Toc420928171]Evaluation[footnoteRef:3] [3:   Parts of the following section are reproduced from [55] Cameron A. Manual of Basic Animal Disease Surveillance, Interafrican Bureau for Animal Resources, African Union, Nairobi, Kenya, 2012.] 

All SyS systems should be evaluated periodically to assess whether the surveillance objectives (established in step 1) are met; whether steps 2–6 of the system are functional; and what the users’ perspective of the system (i.e. is the system useful) is. Two main general approaches to evaluating surveillance have been used: quantitative and qualitative. In quantitative evaluations, a set of characteristics of the surveillance system is scored to indicate how good the surveillance system is relative to some ideal. In qualitative evaluations, text descriptions are used to evaluate each characteristic. Both approaches are useful, but the qualitative approach tends to provide more clues about how to improve a system.
There are many different characteristics that have been used to evaluate surveillance (Table 3). For each characteristic, the evaluation should describe the surveillance system, and then provide a critical assessment. For instance, when considering the characteristic of timeliness, the evaluation should first describe what delays there are in getting surveillance data from the field to the decision makers, and then assess the impact or importance of this. Is it fast enough? If not, how important are the delays? Is this a major weakness with the system, or just something that it would be good to improve, if possible?

The evaluation process will take into account:
· The policy purpose and surveillance objectives (Step 1)
· The nature of the animal populations under surveillance
· The resources available (the resource constraints for the surveillance)
· The regulatory environment (key laws and regulations under which the surveillance is undertaken
· The stakeholders (groups of people with an interest in the surveillance evaluation)




Table 3: Evaluating the surveillance system against a range of different characteristics. The most important characteristics are highlighted with the symbol (!!), while the others may be included if they appear to be useful but may be omitted otherwise. Reproduced from [55]

	Theme
	Evaluation characteristic

	Surveillance objectives
	Relevance (!!)
Consistency with disease situation
Recognition of stakeholders needs
Completeness, level of detail, adequate to guide and evaluate
surveillance

	Surveillance approach
	Appropriateness of chosen approach (!!)
Standardisation and documentation of procedures

	Population
	Target population (population of interest) (!!)
Study population (population under surveillance) (!!)
Unit of interest (animal, household, herd/flock etc) (!!)
Epidemiological unit (!!)
Coverage (!!)
Distribution (!!)

	Sampling
	Selection method (!!)
Representativeness (!!)

	Data and specimens
	Primary data (!!)
Data type
Data source (!!)
Standardisation of data collection tools

	Tests a

	Tests used in the surveillance systems (!!)
Case definition (!!)
Test sensitivity (!!)
Test specificity (!!)
Practicality, availability and cost
Test decision tree to describe testing scheme and basis for
definitive diagnosis (!!)


a may not be applicable to SyS

Table 3 (continued)
	Theme
	Evaluation characteristic

	Data management 
and communication
	Form of the primary data collected (paper, electronic, verbal)
Information flow diagram (!!)
Timeliness (!!)
Feedback systems (!!)
Security
Interoperability

	Stakeholders
	Awareness
Ownership
Acceptability (!!)
Participation (!!)
Feedback/communication/exchange systems
Utility/benefit (!!)

	Quantitative measures 
of surveillance quality
	Surveillance sensitivity
Surveillance negative predictive value (!!)
Bias and precision (!!)
Detection fraction (!!)
Animal or group-level sensitivity and specificity
Test positive predictive value
Test negative predictive value

	Cost and inputs
	Direct surveillance budget (!!)
Indirect financial support
Veterinary service resources
Non-government resources used

	Utility, outputs and impact
	Outputs (!!)
Benefits (!!)
Impacts (!!)
Efficiency (!!)
Effectiveness





Table 3 (continued)
	Theme
	Evaluation characteristic

	Quality control
	Surveillance monitoring system

	Future operation
	Flexibility
Multiple utility
Portability
Robustness
Resilience
Stability
Sustainability (!!)

	Summary evaluations
	Fitness for purpose (!!)
Usefulness
Simplicity
Practicality (!!)
Cost-effectiveness
Cost-benefit



The actual evaluation process should be carried out by an independent party who is not associated with the SyS and who will be more likely to provide an unbiased evaluation. Evaluation indicators for public health systems in general, or public health SyS systems in particular have been extensively presented in the literature [14,15,19,37,38,56]. Indicators such as data quality, compliance, costs, acceptability, usefulness, validity and timeliness will also apply when evaluating animal SyS. It is important to note that evaluation indicators may vary for systems with different surveillance purposes [57]. The evaluation indicators may be measured through focus groups or interviews involving system users and decision makers [6,58]. System reliability may be measured during or immediately after significant health events [59]; or at the very least through outbreak simulations (to specifically evaluate algorithms as in step 5). The outcomes of the evaluation process are critically important since they will include recommendations for actions to improve quality, efficiency, and usefulness which should be widely communicated to all stakeholders [6]. Such recommendations should be fed back into steps 1–6 of our proposed approach (Fig. 1) and set standards for the next round of evaluation.
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Trafic trough Swiss iaughterhouses
Pigs, cattle and small ruminants constiute 97% of sll
slaughters recorded i the FLEKO (the rest being made
up of rabbits, horses snd furmed game). Poulty it 3
production sector (including slaughter) that is separate
from catle, pigs snd small ruminants in Swizerknd so
that the estimated 55 million birds slaughtered snnully
(Swiss Farmer Union) are ot reported to the FLEKO.,
Pigs were the most mumerous production srimals sent
1o the shughtarhouses between 2072012, representing.
75% of all normal daughters declared to the FLEKO,
Cattle came second (17%), fllowed by small ruminants
%) (Table 2). Howeves, nearly two-thirds o al emergency
saughters were catde (64%), followed by pigs (33%)
with smsll ruminants only sccounting for 3% of emer-
gency saughters.

We observed a pesk in the number of pigs daughtered
in December, snd 3 pesk in March for carle and small
ruminants saughter. A similar patter wss observed for
emergency slaughters (Table 3). Catte production is stll
seasonsl in Switzerland with 3 pesk i cabving in late
autumn (November). Most calves are conventionally
fatened for 3 to 5 months before slaugher, contributing.
1o the March peak in danghters. Furthermore, s peak in
the arimals sent to slaugher i to be expected at the end

of the winter/early spring when roughage stores have
been deplted sfer the snimals had to be kept inside and.
fed for_the whole winter (insted of buying expensive
fea). Similrky, cows that have trouble reproducing or
producing mik snd cous judged unfit to b tsken out to
slpine pasures during the summer may be eeferentlly
cent for shughter in the sping. In conrsst,there is trad-
icnally a vey high demnd for pork mest in Decermber
and January when more Schifeli and ham are caten.
While quite sl of beef i imported in Swizsland, this &
les the case for pork meat 5o that consumer behaiour
may srongy infhsence the number of s sent for slaugh-
tex. It sl the e vith small ruminants, a seen in our

ster L ffct on the number of dglters n March.
However, the scsonality pattern abserved in the num.
ber of carcass condemnations (during both normal and
emergency sughters) wss difwent. We found that the
number of condemnations peaked in December for both
cttle and pigs. This indicstes that the number of carcssses
condemned i not solely affcted by the totsl number
of carcasse inspected but by other factors too, such a5
the seasonality inthe prevalence of production disesses
or in reproduction. This pattern is congruent with the
ypothesis that individuls of lower quality are sent to
aughter i winter when hay and food are limited. The
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of carcasses inspected but by other factors to0, such 35
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winter pesk in calving, with it sssocistd recrudescence of
dystocia nd ik fever cases, may dso contrdute to thi
bservation. We coubl not find any sstisying exphnations
forthe pesk in small ruminants condemnations i June.

pgs
Normal siougheers
We observed 1 significant incresse i the number of pig
carcasses being condemned during normsl shughters
over the yesrs (EDE - 37, F - 1104, p < 0.001) (Figure 1).
This increse vas mostly diven by the incresse observed in
the large laughterhouses (EDF -27, E~ 13,05, p<0.001)
¢ numbers of unfit pigs in small sughterhouses did
ot significanty change (EDF= 1, F=145, p=023). The
Auctuating market prics of pig mant (1= 0.13, p=090)
did not have s significant impact on the number of pigs
being condemned. The totsl number of carcasses being
processed ws 3 signiicant predictor of the number of
unft carcasses being condemned (t=2.17, p=003): 407
(95% C1.01-13)fo every L000 carcasss imspectad.

There were significant flctustions in the number of
pigs being slaughtered (EDF - 559, F~ 13.11, p< 0001)

Pagesoliz

betwreen 2007 and 2012, These fuctustions were mostly
driven by the number of animals being slughtered in
larger slaughterhouses (DF - 86, F— 646, p<0001) a5
the numbers being processed in smaler shughterhouses
have been decressing (EDE - 1, F~22, p<0001), The
fuctusting market for pig meat had an effect on the
mbe of sl et ol soghes =245

15): the number of animals slaughtared decreased
b soun 497 55% 1 105k 5861 o evry SR
increase. This counterintuitie finding may indicate 3
ime-lag between changes in the commodity market snd
deckion-mking by farmers to send thei snimals for
Sanghters, but should mare likely be interpreted 35 3
dicrepancy between demand snd supply of particubr
fypes of mest with a knockeon effect of commodity
prices. On the other hand, the rumbers of whole carcase
condemations were not significantly linked to market
fuctustions even though we may have expected animals
of lower qualy being sent for daughter vhen commodity
prices were high However, it i possibe that cur monthly
dita lacks the resalution needed to detect fine-scale
“supply and demnd” temporsl effcts on the indusry.
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Table 1.1: Total counts by type and canton

Number of collected pigs

by type:
Fattening pigs 204

Breeding sows 523

fremency

per canton:
Bern 564

Aargau 112

Solothurn 112

Basel-Land 31
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Table 2.4: Simulations and alarms

Number of tests

both alarms 48

acute alarm, no mixed alarm 17

mixed alarm, no acute alarm 0
no alarm 13
excluded 19

acute: no alarm; mix: excluded 3

already passed into the immune stage (following a stochastic time distribution),
without their risk of dying having been assessed. Once immune, they are no
longer considered for the CSF simulation, so that an underestimation of deccased
pigs is highly likely. A more claborate analysis might therefore apply a day-by-
day mortality simulation with each day’s DADS output as its base. Hopefully,
this would improve the detection rate and speed, as the scenarios would have a
bigger impact on the herds.
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1 Introduction

The opportunity that made this Master Project possible came from a collaboration between the Insti-
tute of Social and Preventive Medicine (ISPM) of the University of Ziirich and the Veterinary Public
Health Institute (VPHI) of the University of Bern. The VPHI in Bern is a relatively new institution
dedicated to animal health. It had been established in July 2009 and is based on a strategic partnership
between the University of Bern and the Federal Veterinary Office of Switzerland. This collaboration
between academia and veterinary services aims to contribute substantially towards animal health and
food safety and thus improve public health in Switzerland. The VPHI is involved in teaching and
consulting activities in the context of epidemiology, statistics and veterinary public health and has
several different research projects concerning detection, control and prevention of animal diseases and
animal welfare-related events. Diseases transmitted to humans directly or through products of animal
origin (food) are an additional field of research relevant to the VPHI. This thesis contributes to a larger
body of research being carried out at the VPHI on integrating slaughterhouse data into a national
syndromic surveillance system for the early detection of emerging diseases in production animals [IJ.

The field of research to which the topic of this Master Thesis belongs to is called syndromic surveil-
lance. Syndromic surveillance is defined by Triple-S (Syndromic Surveillance System in Europe) as
follows: “Syndromic Surveillance is the real-time (or near real-time) collection, analysis, interpretation
and dissemination of health-related data to enable the early identification of the impact (or absence
of impact) of potential human or veterinary public-health threats which require effective public health
action” [2]. Out of the two terms surveillance refers to the monitoring of a wide range of data to en-
hance the ability of public health infrastructures to increase public health. The practice of monitoring
and analyzing data to detect and respond to disease outbreaks is called biosurveillance. Traditionally,
data that are clearly connected to a certain disease (e.g. diagnostic results from laboratory, mortality
rates) are used. Collecting such traditional data is often very time consuming and generally associ-
ated with high costs. In recent years not only the topic of outbreak detection has been of increasing
interest, but especially the early outbreak detection of diseases in human and animals has become
more and more popular. The aim is to be able to detect, investigate and respond to possible out-
breaks early enough to get them under control before disease spreads and serious epidemic or even
pandemic evolve. To be able to detect an outbreak at an early stage, the data to analyze are needed
as early as possible. In the late 1990s a more modern type of biosurveillance evolved: syndromic bio-
surveillance. Modern syndromic biosurveillance uses non-specific prediagnostic data which are readily
available and can be collected and processed in near real-time without any substantial additional costs.
These data are called syndromic data and are not a direct measure of the cases of a specific disease.
Instead, they are non-specific preclinical data that are assumed to contain an outbreak signal before
diagnostic confirmation of the disease/pathogen. Syndromic data collected in the context of animal
health, can be sales/prescription of antibiotic drugs, volume and quality of milk produced, number
of condemned carcasses at slaughterhouses or the number of stillbirths. Although none of these data
are directly linked to a specific disease, their distribution is still expected to change in the presence
of a natural disease outbreak. As such, syndromic data are increasingly used by epidemiologists and
public health authorities for (direct) surveillance of animal health and (indirectly) for human health [3].

It has long been recognized, that human health and animal health are tightly connected. The impor-
tance of animal health, on which humans depend for food, has been notoriously illustrated in the last
two decades. However in the same time also animal welfare and the human sense of responsibility
towards their natural environment (including animals) has grown. In the context of animal diseases,
on one hand public health infrastructures are interested in the protection, the prevention and the
well-being of animals themselves. On the other hand, animal welfare is also linked to human health
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to a certain degree. This is reflected clearly by the definition of veterinary public health by the World
Health Organization (WHO): "Veterinary public health is the sum of all contributions to the physical,
mental and social well-being of humans through an understanding and application of veterinary sci-
ence”. One reason why animal health is investigated, is the awareness that zoonotic pathogens can be
transmitted from animals to humans (in particular from production animals). ’Zoonosis’ refers to an
infectious disease that is transmitted into humans by another species. In the context of surveillance
and warning systems, the WHO defined the expression emerging zoonosis in 2004 as “a zoonosis that is
newly recognized or newly evolved, or that has occurred previously but shows an increase in incidence
or expansion in geographical, host or vector range” [4].

The possible degree of damage that can be caused by an emerging zoonosis to humans or an emerging
disease to animals and that a devastating emerging disease may be closer to reality than expected has
been demonstrated several times in the last two decades. Examples include:

1. The acute respiratory syndrome (SARS), which resulted in a SARS-epidemic in 2002/2003. By
July 2003, the international spread of SARS resulted in 8’098 SARS cases in 26 countries and
caused 774 deaths [5].

2. The spread of the Bovine Spongiform Encephalitis (BSE), an animal disease affecting cattle. Be-
tween November 1986 and September 2002, approximately 180’900 cases of BSE were confirmed
in the United Kingdom (UK). Cases have appeared in other European countries, in Israel and
Japan as well, although in relatively small numbers. Cases of BSE are still occasionally reported
but have decreased over the years [6].

3. The foot-and-mouth epidemic in the United Kingdom in 2001, that caused an alarming number
of animal deaths (over 50 million animals were slaughtered due to the disease) and enormous
economic costs [7].

4. HIN1 influenza (swine flu) in 2009/2010 affecting human as well as animal health. Between
April 2009 and March 2010, 40 to 80 million cases were observed only in humans. Due to this
pandemic within one year 8’000 to 18’000 people died in different countries over the world [§].
Even though the virus only spreads from human to human and not from infected pigs to human,
several hundred thousand pigs were slaughtered in prevention and to contain the epidemic.

About 75% of the new diseases that have affected humans over the past 10 years, have been caused
by pathogens originating from an animal or from products of animal origin. Thus emerging zoonotic
diseases in food animals are important components of food safety system. In recent years detection
of emerging diseases in food animals at various points along the farm-to-fork continuum has been a
main interest of research [9, [10].

The world’s annual meat production is projected to increase from 218 million tons in 1997-1999
to 376 million tons by 2030. The production increase is a reaction to the ongoing increase in meat
consumption, which has been observed over the last 60 years. Meat consumption rose from 44 million
tons in 1950 to 284 million tons in 2009 [I1}, 12]. Due to our concern for food safety and animal welfare
the meat production process is tightly regulated, constantly inspected and documented. At present
meat inspection data are collected in several countries in Europe (e.g. Finland, Sweden and Switzer-
land) but are not currently used for prospective syndromic surveillance [I3]. There have been studies
which showed, that disease outbreak patterns of production animals are reflected in the condemnation
rates of slaughtered animals. These studies and several recent reports by the European Food Safety
Authority [14] [I5] [16] support the assumption that meat inspection data from slaughterhouses are a
potential data source for the surveillance of diseases in production animals [I7] [1§].
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In Switzerland the preparation and manufacture of food is strictly regulated by law. Regulations,
inspections, obligations to report and the documentation of these tasks lead to the aggregation of
data about the condition of meat products before and after entry into the production process. In
Switzerland animals to be slaughtered for meat production are inspected twice at the slaughterhouse,
once at their arrival and once after the slaughter. In the first inspection it is mandatory to report the
number of animals that arrived sick or injured at the slaughterhouse. Those animals are separated
into a slaughter group called “emergency slaughter” and slaughtered after the healthy animals in order
to decrease the risk of pathogen transmission. After the slaughter is processed every carcass in the
slaughterhouse is visually inspected by a meat inspector and classified into one of the following classes:

1. entirely fit for human consumption
2. wholly condemned (including organs and blood)

3. partially condemned (only part of the carcass is unfit for human consumption)

The outcome of the meat inspection needs to be reported to the Federal Food Safety and Veterinary
Office. It is compulsory to report the number of wholly condemned carcasses (reporting of partially
condemned carcasses is not compulsory). The inspectors also have to state the reason why the carcasses
were condemned by choosing one out of 44 possible reasons. The reasons also have to be reported
back to the producers. Reasons include for example pronounced weight loss, abscesses or lesions. All
possible reasons for whole carcass condemnations are listed in the Swiss legislation [19]. Up to now
it is mandatory to report those informations on a monthly basis for cattle, pigs and small ruminants
(sheep and goats). These data collected in Switzerland could be a valuable syndromic indicator of
national herd health. This thesis will assess the possibility and the prospects of integrating these data
in a national syndromic surveillance system for early detection of emerging and re-emerging diseases
in production animals.
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2 Research Questions

For this master project a complete dataset of meat inspection post-mortem results in Switzerland is
analyzed and investigated. One elemental aim of the thesis is to find out whether the accumulated data
constitutes a convenient dataset for syndromic surveillance. The target outcome of the thesis is an
algorithm that can be used during the prospective surveillance of monthly whole carcass condemnation
rates for production animals in Switzerland. To reach this very specific goal, the following research
questions were investigated:

1. Does the condemnation rate depend on external time related factors (seasonality, trend, auto-
correlation)?

2. What statistical model describes the condemnation rates retrospectively in a reasonable way?

3. How can outbreak data for monthly condemnation rates of slaughtered production animals be
simulated?

4. How good is the performance of a quasi-Poisson regression algorithm for the simulated outbreak
data?

5. Is the quasi-Poisson regression algorithm convenient for prospective outbreak detection using
the slaughterhouse data?

If the outcome of the project is promising and a convenient algorithm can be found, this Master
Thesis could contribute to show the necessity and the importance of such reporting systems. It could
contribute to the improvement of syndromic surveillance for production animals and thus improve
outbreak detection and animal welfare in Switzerland. In any case this Master Thesis contributes
to evaluate the use of monthly condemnation rates form Swiss slaughterhouses for early outbreak
detection.
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3 Methods

Statistical Methods: The analysis of the time series data was split into two parts. First the data
were analyzed retrospectively before being analysed a second time based on prospective methodology.

Retrospective Analysis: To analyze the data retrospectively, the time series data were decomposed
into seasonal, trend and residual components. Two different methods were used. The first method
performs a seasonal-trend decomposition of time series based on LOESS. It has been proposed by
Cleveland et al. [20] and is implemented in R [2I] as the {stl} function in the {stats} package. The
distributional assumption on which the {stl} function is based on is the normal distribution. The
slaughterhouse time series data used in this study were proportional rate data (number of condemned
carcasses relative to the number of slaughtered animals per month). Thus the data are assumed to
be Poisson distributed. In order to stabilise the variance and achieve homoscedasticity, the data were
transformed before applying the {stl} function. The transformation chosen was arcsin(y/z), which
is commonly used for proportions [22]. The transformed data were then decomposed additively into
three components:

Xe =T, + 5+ Ry

{X:} is the monthly measure of the proportion of carcasses condemned. {S;} represents the seasonal
component and {7;} the trend part. By applying the {stl} function, the seasonal and trend component
are found by LOESS smoothing. In fact the seasonal component for our data was found by taking the
mean of the de-trended seasonal sub-series. (The series of all January values, all February values and
so on). In a second step the seasonal values are removed from the observed data and the remainder is
smoothed by LOESS to find the trend. {R;} is the remainder component, that is the residuals from
the seasonal plus trend fit. Data points with very high reminders are considered to be outliers and
get replaced by locally weighted robust estimates of the observed values. Thus the decomposition is
done in a robust way. To find the estimates, the procedure is iterated a few times.

The output of the decomposition based on LOESS is illustrated by a plot of the observed data and
the estimated components for each time point. There is a grey bar at the right hand side of each
component graph to allow a relative comparison of the magnitudes of the information coming from
each component. It helps to see how much variation in the data can be attributed to each component
or to the remaining part.

The second method used to decompose or model the time series data (number of condemned car-
casses per month {y;}) in a retrospective manner, is a model framework, proposed by Held et al.
[23]. The function used for the decomposition is called {hhh4} and is implemented in the package
{surveillance} [24], 25]. The {hhh4} function allows to model count data of uni- and multivariate time
series in a flexible way. As suggested by Held et al. [23] the distributional assumption for the model
is Poisson:

— Yt
e My
ys!

P(y) =

An alternative distributional family that is implemented is the negative binomial distribution, which
also accounts for over-dispersion. By applying the {hhh4} function, the mean incidence (here the num-
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ber of condemned carcasses per month) is decomposed additively into an autoregressive component
and an endemic component. Assuming that the data are Poisson distributed the conditional mean is:

e = Myi—1+ve X e, (A, > 0)

The autoregressive component {\;} and the endemic component {14} are unknown quantities that
can be estimated. The autoregressive part is supposed to capture possible outbreaks and can include
a seasonal pattern or a long term trend, thus {A} can be dependent on the time. If there is neither
a seasonal pattern nor a trend included, an overall {\} is estimated independently of time {t}. The
endemic component models the baseline amount of incidences and can include seasonality and trend.
The endemic component is multiplied by the offset {e;} to adjust for variation in the number of total
animals slaughtered per month. Using the Poisson model or the negative binomial model respectively
the estimated variances of the mean incidence rates are:

Var(pu) = pu

Var(u) = pe + p? x 0, (with estimated overdispersion parameter 6)

All the variation of seasonal patterns and long term trends are motivated by patterns observed in the
time series data, in the season-trend decomposition based on LOESS and in the findings that were
published by Vial and Reist [26]. The following parametric models for the endemic and autoregressive
component were used:

log(v) = a+ Bt + 5
log(A;) =7+ wt + Ay

In the endemic part a baseline condemnation rate is estimated with the intercept {a}, the trend is
estimated with the parameter {8} and the seasonal component is estimated with different terms for
{S¢}. In the autoregressive component, a baseline estimate of the impact of the observation from the
previous month on the current month is estimated with {7}. A long term trend for the dependence
of the observations on the previous ones can be estimated with the parameter {w}. In this model
framework a seasonal pattern within the autoregressive part can be estimated with different terms for
{A;}. There were four different types of trends used to model the data:

1. no trend (t0)
2. (log-) linear trend (t1)
3. (log-) linear trend starting in 2010 (t2010)

4. no trend but a shift in the intercept in 2010 (j2010)
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For the different seasonal patterns that could be included in the endemic or in the autoregressive part
the following seven variations of parametric models were used (the same models were used for A; as

for Sy):

1. no seasonality (s0)
2. a seasonal impact of each month (monthly)
3. an impact of December only (so-called Christmas effect referred to as xmas seasonality)

4. seasonality with 1 to 4 harmonics per year modeled by a combination of sine and cosine functions
suggested by Held et al. [23] (sl to s4):

H

S; = Z Y sin(wpt) + O cos(wpt)
h=1

The estimated parameters 7, and d;, depend on the number of harmonics { H} that are included
and wy, = 27h/freq are Fourier frequencies (e.g. freq = 12 for monthly data). Figure|l|illustrates
these seasonal patterns.

time [years] time [years]

1 2 3 4 1 2 3 4

time [years] time [years]

Figure 1: Seasonality with 1 to 4 harmonics per year modeled by a combination of the sine
and cosine functions. (topleft: 1 harmonic, topright: 2 harmonis; buttomleft: 3 harmonics,
buttomright: 4 harmonics)

To select the best fitting model, all combinations of the different seasonal patterns and long term trends
within the autoregressive and endemic components were fitted. Furthermore models which exclude a
whole component (either the autoregressive or endemic component) were evaluated. During prelimi-
nary analysis of a subset of the models, it was asserted that the negative binomial models fit the data
generally better than the Poisson models (see Appendix). Therefore only negative binomial models

Sarah Thommen, sarah.thommen®@uzh.ch 8 June 15, 2014



sarah.thommen@uzh.ch



Master Program in Biostatistics University of Ziirich

were used for the final model selection. In order to analyze the different data sets in a well-structured
way, the same models were fitted on all the different data sets used. In total 840 models were fitted for
each data set. The criteria used for model selection was the BIC. It was shown that the BIC performs
much better than AIC for time series model selection in small samples, as the AIC tends to overfit
the data [27]. The best model with reliable estimates was then accepted to be used for data simulation.

After the decomposition, based on LOESS or by using the {hhh4} function, the autocorrelation func-
tion of the residuals was plotted using the {acf} function of the {stats} package that is included in R
[21], in order to check visually whether the models captured the seasonal patterns and the trends as
expected.

Data Simulation: Data simulations were generated by using the best model found in the retro-
spective analysis. First baseline data series with a length of 72 months were generated by using the
best models found. In a second step outbreak cases with random size and random starting time points
were generated and added to the baseline time series. To each simulated baseline time series there
was exactly one outbreak added within a defined "Outbreak- Risk-Period” (from time point 39 to 62).
The time series were structured into three periods: the “Baseline-Period” of a bit more than 3 years
(38 months), the "Outbreak-Risk-Period” of 2 years (24 months) and the "Post-Outbreak-Period” of
10 months (from time point 63 to 72). The starting time points of the outbreaks were randomly
sampled from the 24 time points within the Outbreak-Risk-Period. The outbreak data sets were sim-
ulated according to the paper of Noufaily et al. [28]. The outbreak sizes were generated by random
Poisson variables. Thereby the estimated standard deviation of the simulation model was multiplied
with different scaling parameters k (we chose k 2 to 10). The product was then used as the mean
rate to generate random Poisson numbers. Each case of the total outbreak size was then randomly
distributed to the time points from outbreak start to end according to a lognormal distribution with
a mean of 0 and a standard deviation of 0.5. For each parameter k 1000 time series were simulated.
For parameters in the range of 2 to 10 the resulting outbreak durations were typically between 3 to 6
months. Figure [2 helps to visualize the generation process of one simulation.
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Baseline Simulation
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Figure 2: lllustrative example of outbreak data simulation.

Prospective Analysis: To perform outbreak detection on the simulated time series, the improved
Farrington algorithm was applied. Farrington algorithm is an outbreak detection method published
in 1996 by Farrington et al. [29]. The improved Farrington algorithm, as suggested by its function
name, {farringtonFlexible}, is the more flexible version of the original Farrington algorithm. The im-
proved Farrington method was described by Noufaily et al. [28]. It is implemented in the R-package
{surveillance} [30]. The first step of the algorithm is to fit a log linear quasi Poisson model using the
available baseline data (historic data). The amount of historic data that should be used as reference
values to fit the model can be chosen (with parameter {b}) such that only recent values (within b
years from current time point) are included to fit the model.
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Ely) = pe = (o + Bt + fi) X ey, Var(y;) =0 x pg, (with 0 >1)

The model can include a baseline incidence rate {a}, a trend {5}, a seasonal pattern {f;} and the
population offset {e;}. In the first algorithms tested the parameters were chosen according to the
results of the retrospective part of the analysis. Thus a trend was only included if there was evidence
for a trend based on the retrospective analysis otherwise no trend was fitted. Seasonality was handled
either as in the original Farrington algorithm, as supposed by the improved Farrington algorithm or
no seasonal component was included at all. To exclude seasonality, the parameter {w} was set to 6.
In this case all time points within the time window (2w + 1), evidently data of the whole year, are
used to fit the model. Using the original algorithm, excluding data which are assumed to not lay in
the current season is the only one way to account for seasonality. To still be able to estimate a trend
parameter, the window size was set to 3 (w=1). With an even more restrictive window size (w=0)
even with the largest possible learning period (b=3) the sample size for the model fit is only 3. Thus
by estimating three parameters (a trend parameter, an intercept and the overdispersion parameter)
the model is overfitting the data (the number of estimated parameters (p) is equal to the sample size
(n) and thus p<n is violated). The inclusion of only a small subset of the available reference data
is in general one of the limitations of the original Farrington algorithm [28]. To consider seasonality
and simultaneously include the biggest part of the historic data, in FarringtonFlexible the parameter
{noPeriods} is introduced. This gives the option to choose a number of seasonal periods that are
modelled by a zero order spline function with {noPeriod + 1} knots. This option allows the use of
more baseline values to calculate seasonal factors (with 1 to 11 levels) for all the time points outside
of the window (2w + 1) [30]. While using this option the parameter {w} was chosen according to the
retrospective result (e.g. if a seasonality with two harmonics per year should be modeled {w} was
set to 1 and {noPeriods} was set to 3). For each data set the the result of the retrospective analysis
decided if seasonality was included in the Farrington algorithm.

In a second step the estimates of the model fit are used to predict the expected observation and more
important the threshold that defines the upper limit of alarm free observations. There are several
options to calculate the threshold. For our analysis the option "muan” was chosen, as it is statistically
the most correct one. With this method the threshold (one-sided) (1 — «) x 100% prediction interval)
is calculated based on the assumption that the estimated prediction parameters are asymptotically
normal distributed. Thus the threshold can be derived from the (1 —a) x 100% quantile of the normal
distributed estimates (thresholds based on the 0.995 and 0.975 quantile were used). The uncertainty
of the estimated overdisperson parameter is thereby disregarded. If the threshold is exceeded by the
simulated observed value, the counts are considered as possible outbreaks. Alarms are flagged by
calculating the following exceedance score {Z} for those possible outbreak counts:

Yo — flo
ZziA
Uo — fuo

There by {yo} is the observed count for the current time point, {/ip} is the estimated current expected
value and {Up} is the calculated threshold value for the current time point. An alarm is flagged if
Z > 1 [28]. Time points for which an alarm is flagged should be investigated in greater detail.

After the evaluation of the algorithm with parameters chosen according to the retrospective anal-
ysis, several additional algorithms were tested. The purpose was to see if the performance could be
improved by modifying the parameter settings of {b} (b=2 or b=3), {w} (w=6, w=0, w=1, w=2) and
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{trend} (trend=TRUE). The hypotheses were that the performance can be improved by (a) increasing
the learning period of the algorithm (form b=2 to b=3) or (b) by including a trend (if not already
included). As a consequence of parameter {b} modification the window size had to be adjusted (w=0,
w=1 or w=2). The algorithm with the most restrictive windowsize (w=0) only includes data of the
months identical to the current month for each of the {b} previous years. To include both extreme
options for {w} (0 and 6) this algorithm was evaluated as well. This algorithm is less reliable because
of the small sample size included. To include the biggest possible amount of historic data and at the
same time keep parameter w=0, {noPeriods}=11 was included in an additional algorithm tested. The
inclusion of a trend even if there was no evidence for a trend based on the retrospective analysis was
based on the recommendation in the paper of Noufaily et al. (it was stated that a trend should always
be included) [28]. The parameter {pastWeeksNotIncluded} was set to 0 to not exclude the highly
informative most resent historic data. Therefore the adaption of the algorithm to emerging outbreaks
had to be expected and consequently the reduction of sensitivity and the increase of specificity. In
addition the algorithms with w=6 were also tested with the parameter {pastWeeksNotIncluded} set
to 2 in order to evaluate the influence of emerging outbreaks that started shortly before the current
time point on algorithm performance. To not further decrease the amount of the very recent historic
data that is included, parameters bigger than 2 were not tested. As there were no outbreaks included
in the baseline data none of the algorithms included any re-weighting of high values. The provided
options to account for minimal outbreak sizes can be neglected for all algorithms ({limit54} was kept,
as it did not have any effect on the analysis and {powertrans} was set to "none” as no transformation
was needed). For all algorithms tested the option to include an offset was applied, thereby the offset
of the collected historic data was used for all simulations.

In order to evaluate the performance of the algorithms, the false positive rate (FPR) and the probabil-
ity that an outbreak is detected (POD) were calculated. To calculate the FPR, the number of alarms
flagged in outbreak free months within the Outbreak-Risk-Period was divided by the total number
of months that were outbreak-free and tested. The POD was calculated by dividing the number of
outbreaks that were detected by the total number of simulations which were tested. Thereby an out-
break was regarded as detected, if there was at least one alarm flagged during the entire outbreak
duration. Thus FPR indicates a rate per month and POD a rate per outbreak. Next to the FPR
and POD the mean outbreak duration for each parameter k& as well as the mean outbreak size, the
mean time to detection in months (TTD) and the mean number of cases added until detection (CUD)
were recorded and evaluated. The mean TTD and CUD were calculated only from simulations during
which an outbreak was detected. A mean TTD of 1 indicates that the mean time until an alarm was
flagged is 1 month after the start of the outbreak. A mean CUD of e.g. 27 means that out of the
all injected outbreak cases, 27 were added until the outbreak was detected (including the cases of the
detection month).

Software: All statistical analyses were performed in R [21].
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4 Data

The data used in this study were extracted from the "Fleischkontrolldatenbank” (FLEKO database).
FLEKO is a database owned by the Swiss Federal Food Safety and Veterinary Office (FSVO). FLEKO
contains ante- and post-mortem meat inspection data from all animals slaughtered in authorised
slaughterhouses of Switzerland (over 600). FLEKO database includes information about all hooved
animals slaughtered in Switzerland including cattle, pigs and small ruminants. The data mandatory
to report to FLEKO are the number of normal and emergency slaughtered animals (ante-mortem
inspection), the number of whole carcass condemnations (post-mortem inspection) and the reason for
condemnation. The official veterinarian in charge needs to report the results of the visual inspections
to FLEKO in a monthly manner. This obligation started at the end of 2006. Thus full data of the
period between January 2007 and December 2012 could be extracted. FLEKO was originally created
for economic reason, in order to be able to keep track of the number of animals slaughtered whose
by-products would need disposal. The slaughterhouses are supported financially by the government
in the proper disposal of animal by-products [26, [19].

FLEKO provides also details of the slaughterhouse and canton in which each individual was processed.
Preliminary analysis of the data by Dr. Flavie Vial showed that there are several factors which could
have an effect on the number of animals slaughtered as well as on the number of condemned carcasses.
There are for example connections between the meat price and the number of cattle and pigs sent
for slaughter. The slaughterhouse size has an effect on the number of condemned carcasses for some
slaughter and animal types too. There were also cantonal differences detected in the rate of carcass
condemnations. However, these effects have not been further investigated. Furthermore it was seen
that more than 100 slaughterhouses, all of which process more than 1’000 animals a month, did not
report a single whole carcass condemnation case over the 6 years of data acquisition. Based on this
observation some non-recording bias is expected in the data [26].

Only part of the available data from FLEKO was extracted for this study. Two animal types (cattle
and pigs) and both slaughter groups (normal and emergency slaughter) were included in the analysis.
To each individual the following information was used:

e total number of carcasses processed each month
e total number of carcass condemnations for each month

e time (month and year)

The descriptive statistics section as well as the analysis section are structured according to the different
data sets analyzed. Each section contains one subsection for each data set (normal slaughtered cattle,
emergency slaughtered cattle, normal slaughtered pigs and emergency slaughtered pigs).

The study includes in total 20.4 million observations that were collected over a period of 72 months.
Table [1] shows the number of observations per animal type and slaughter group. Overall many more
pigs (17 million) than cattle (4 million) were slaughtered within the given time frame. For the normal
slaughter group the number of slaughtered pigs was approximately 4 times higher than the number of
slaughtered cattle. However, it was the opposite for the emergency slaughter group. The number of
emergency slaughtered cattle was approximately 2 times higher than the number of emergency slaugh-
tered pigs. The portion of animals that were classified into the emergency slaughter group upon their
arrival, was a minor part of all slaughters reported. 1.71% of cattle and 0.2 % of pigs arrived injured
or sick at the slaughterhouse. Thus the general state of health prior slaughter for cattle is inferior
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compared to pigs. This could be explained by the fact that accidents occur more often to cattle, as
they are more often kept on alpine pastures [26].

normal slaughter emergency slaughter

cattle 37750’805 65304
pigs 16°517°599 337720
total 20268404 99’024

Table 1: Number of observations per animal type and slaughter group

Table [2 shows the number of condemnations per type of animal and slaughter group together with
the corresponding percentage of condemned carcasses. The condemnation proportions observed for
normal slaughtered pigs and cattle were, with 0.15% and 0.16% respectively, fairly low and very sim-
ilar. As to be expected, the percentage of carcasses condemned after normal slaughter is much lower
than after emergency slaughter. The percentage of condemnation in the emergency group was about
9.75% for pigs and approximately 20.4% for cattle. The discrepancy of the two different animal types
could be a result of the widespread injuries and hematomas which are often observed for cattle that
were involved in an accident on alpine pastures (leading to whole carcass condemnations). Another
reason could be that abscesses on emergency slaughtered pigs are more often isolated compared to
cattle (leading to partial carcass condemnation that are not reported) [26].

Taken both slaughter groups together, the mean condemnation proportions for pigs and cattle re-
spectively are 0.17% and 0.5%. These proportions are comparable to the proportions observed for
pigs and cattle respectively in Ontario (0.37% and 0.4-0.8%), for pigs in UK (0.35%) and for cattle in
France (0.67%) [26].

normal slaughter emergency slaughter
# %o # %o
cattle 5863 0.16 13322 20.4
pigs 25310 0.15 3288 9.75
total 31173 0.15 16610 16.77

Table 2: Condemnations per animal type and slaughter group
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4.1 Descriptive Statistics: Normal slaughtered Cattle

The observed mean number of cattle slaughtered normally each month was 52’095. In the upper panel
of Figure [3| all the observed monthly numbers are shown together with the mean (green line) and the
standard deviation (dotted red line). All monthly counts range between 42’836 and 64’073 normal
slaughters. The observed number of normal slaughters for cattle is highly fluctuating over time. There
is a slight increase in the number of slaughtered cattle visible over the whole time period. The months
with the highest and lowest number of cattle slaughtered were March and July respectively.

In the second panel of Figure [3| the number of condemned carcasses is displayed. The mean num-
ber of carcasses declared as condemned within the normal slaughtered cattle group was 81 per month
with a standard deviation of 19. The minimal and maximal number of condemned carcasses reported
per month was 49 and 153 respectively. This corresponds to a condemnation proportion of 0.1% to
0.26% with a mean of 0.16%. Even though the number of slaughters increased slightly over time, the
number of condemned carcasses was steadily low. There is one period between June and December
2009 that shows an increased number of condemned carcasses, peaking in December 2009. This value
drops again in January 2010 and does not increase noticeable anymore afterwards.

Slaughtered cattle Condemned cattle Proportion [%]

min 42’836 49 0.10
mean 52’095 81 0.16
median 51457 79 0.16
max 64’073 153 0.26
sd 5211 19 0.03

Table 3: Summary statistics of normal slaughtered cattle

Almost the same pattern can be observed in the percentage of condemned carcasses after normal
slaughter. There is neither an obvious long term trend visible over the whole time period of data
acquisition nor a seasonal pattern. The observed condemnation proportions are distributed almost
symmetrically around the mean. The fluctuation in the data is rather low, but the variability is con-
siderable high. The peak in the number of condemned carcasses, seen in December 2009, is visible
in the condemnation proportion as well, but it is downscaled. There are two months (December and
February) that could have a seasonal impact on the data, as there is in general an increase in the
percentage of condemned carcasses visible for those two months. This increase could be an effect of
winter, as food and hay are limited in winter months. Cattle that are less productive or not fit enough
to be sent back to the alpine pastures in summer may be sent for slaughter during those months [26].
Figure [3| shows the time series data of normal slaughtered cattle regarding the total number of animals
slaughtered, the number of condemned carcasses and the condemnation proportions. The summary
statistics are listed in Table [3l
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Figure 3: Time series data of normal slaughtered cattle
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4.2 Descriptive Statistics: Emergency slaughtered Cattle

The mean number of emergency slaughtered cattle per month was 907 with a standard deviation of
181. The minimum number of cattle slaughtered as emergency slaughter within one month was 659,
whereas the maximal number of cattle that arrived injured or sick at the slaughterhouse within one
month was 1’398. In the upper panel of Figure |4 the numbers of emergency slaughtered cattle over
time are visualized. The highest numbers observed clearly lay in the years 2007 to 2009. Not only
the highest numbers but also very low numbers were observed within this time period. Thus the
fluctuation is much higher in the first three years of the study. The BVL (Bundesamt fiir Lebens-
mittelsicherheit und Veterindrwesen) could not provide a satisfactory explanation for the change of
stability in the data. Therefore it should be looked at as a reporting artefact.

The mean number of carcasses declared as wholly condemned was 185 with a standard deviation
of 33. The minimal number of carcasses condemned in the emergency slaughter group within one
month was 120 whereas the count of condemned carcasses reached its maximum at 257. These num-
bers correspond to a range in proportion between 14.17% and 28.5% of carcasses declared as wholly
condemned. On average 20.78% of the carcasses from emergency slaughtered cattle were declared as
wholly condemned after slaughter each month with a standard deviation of 3.72%. Thus the con-
demnation proportion for this group was noticeably high, as was already the percentage of emergency
slaughters. Figure [4] shows the count data of emergency slaughtered cattle over time, as well as the
number of carcasses condemned within the emergency slaughter cattle group and the corresponding
condemnation proportions in percentage over time. The summary statistics are shown in Table

Slaughtered cattle Condemned cattle Proportion [%]

min 659 120 14.17
mean 907 185 20.78
median 850 186 20.32
max 1’398 257 28.50

sd 181 33 3.72

Table 4: Summary statistics of emergency slaughtered cattle

In all the three graphs of Figure [4] the variability of the time series data is high. Despite the fact that
the fluctuation in the total number of emergency slaughters processed is changing between 2009 and
2010, the fluctuation in the other two data series is fairly stable. For the total number of emergency
slaughtered cattle there is a strong general peak visible in March and December. These are the same
peak months as observed for the normal slaughtered cattle. These peaks are visible in the second panel
as well, that shows the number of condemned carcasses after slaughter but they are not reflected by
the condemnation proportions. In the lowest panel, that shows the times series data of the condem-
nation proportion in percentage, there is a positive trend visible over time. This trend is in contrary
to the negative trend observed in total numbers of slaughters in the upper panel and is thus also seen
in the number of condemned carcasses (second panel). The trend does not last until the end of the
acquisition period, the percentage of condemned carcasses decreases again in the middle of 2012. The
most remarkable observations on the emergency slaughter group for cattle, is on one hand the change
of the distribution of the total slaughters in 2009/2010 and on the other hand the positive trend for
the condemnation proportion.
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Figure 4: Time series data of emergency slaughtered cattle
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4.3 Descriptive Statistics: Normal slaughtered Pigs

The number of animals slaughtered in the normal slaughtered pig group was by far the largest with a
mean number of 229’411 normal slaughtered pigs per month. The lowest number of normal slaughtered
pigs was observed in Mai 2008 with 186’822 slaughters. The maximal number of pigs was slaughtered
in December 2010 (262’941 individuals). The amount of carcasses declared as wholly condemned af-
ter slaughter was reasonable low. On average 352 carcasses were declared as wholly condemned per
month with a standard deviation of 70. The minimal (244 individuals) and maximal (496 individuals)
numbers of condemned carcasses were observed in August 2008 and November 2012 respectively. The
percentage of pig carcasses that were disallowed for food consumption after normal slaughter was thus
between 0.11% and 0.22% with a mean of 0.15% and a standard deviation of 0.03%. The statistics
are summarized in Table [5l All reported numbers of normal slaughtered pigs, as well as the amount
of observed condemnations and the percentage of condemned carcasses are illustrated in Figure

Slaughtered pigs Condemned pigs Proportion [%)]

min 186’822 244 0.11
mean 229’411 352 0.15
median 229’954 342 0.15
max 262’941 496 0.22

sd 16’858 70 0.03

Table 5: Summary statistics of normal slaughtered pigs

The amount of fluctuation and variability in the number of normal slaughtered pigs is similar to what
was seen for cattle rather high. The number often exceeds or drops below the mean plus minus one
standard deviation. The upper plot of Figure [5] illustrates the time series data of total slaughters.
It does not show an overall trend or a noticeable seasonal pattern, contrary to the second graph in
Figure [p| which shows the number of carcasses declared as condemned. There is a clear increase in the
number of observed condemnations over time visible. It is not clear at which point in time this positive
trend starts. One possibility is that the trend starts in December 2010. Another possibility could be
a shift of the baseline number of condemned carcasses in 2010. The graph at the bottom of Figure
shows the condemnation proportion. The same increase as seen in the total number of condemnations
can be observed again for the condemnation proportion. The trend or shift in 2010 could be a result
of the unfavorable economic situation for the pig industry in the past 5 years. There had been an
over-production of pigs in Switzerland which has resulted in low prices for pork and a campaign urging
farmers to try to reduce the number of sows. If farmers are getting rid of less productive (injured or
sick) individuals first, this may partly explain the rise in the number of condemnations in pigs sent to
normal slaughter [26].

Two months show very high counts of condemned carcasses that could possibly be considered as
outliers (February 2009 and February 2010). In addition there is some sort of seasonal pattern visible
in the graph at the bottom of Figure f] At the end of each year from November to December there is
always an increase in the condemnation proportion. The increase of the percentage at the end of the
year could simply be a result of the increase in number of animals with diseases in winter. Another
reason might be the hypothesis that individuals of lower quality are sent for slaughter in winter, when
hay and food are limited and a very high demand for pork is expected (due to Christmas) [26].
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Figure 5: Time series data of normal slaughtered pigs
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4.4 Descriptive Statistics: Emergency slaughtered Pigs

During the time of data acquisition the number of pigs that arrived sick or injured at the slaughter-
houses was between 248 (observed in April 2007) and 911 (observed in January 2010). The numbers
of emergency slaughters for pigs were fairly low (the mean number of normal slaughters was 490 times
higher). The mean number of emergency slaughters per month was 468 with a standard deviation
of 115. The monthly numbers of emergency slaughtered pigs are illustrated in the upper panel of
Figure[6] The variability and fluctuation is as for all other data sets quite high. There is a clear peak
visible in January 2010 in the total number of pigs slaughtered. Overall there is a positive trend visible
in the data. This trend seems to be moderate in the time period before the peak. In general there
is a lower number of emergency slaughtered pigs observed in July and increased numbers are seen in
March and December.

The minimal (23 individuals) and maximal (75 individuals) numbers of condemned carcasses were
observed in Mai 2009 and January 2008 respectively. The percentage of pig carcasses that were disal-
lowed for food consumption after emergency slaughter was thus between 4.39% and 15.77%. The time
series of the number of condemned carcasses (seen in the second panel of Figure @ shows a similar
trend pattern as in the upper panel. Again after 2010 there seems to be an increase in the trend.
The fluctuation is higher in this time series, especially between 2007 and 2010. The peak which was
observed in January 2010 is not reflected by the number of condemned carcasses. Similar to the upper
panel, there is a general increase in the condemnation numbers seen in December.

Slaughtered pigs Condemned pigs Proportion[%)]

min 248 23 4.39
mean 468 46 9.96
median 454 44 9.79
max 911 75 15.77

sd 115 12 2.24

Table 6: Summary statistics of emergency slaughtered pigs

As to be expected and already seen in the cattle data set, also for pigs the condemnation proportion
in the emergency group is much higher than in the normal slaughter group. With a mean percentage
of 9.96%, the average condemnation proportion is 65 times higher than for normal slaughtered pigs
(0.15%). This mean percentage value corresponds to an average of 46 carcasses that were wholly con-
demned with a standard deviation of 12. The panel at the bottom of Figure [6] shows the percentage
of condemned carcasses. This plot contradicts the trend pattern observed in the panels above. There
is in fact no trend visible at all for the condemnation proportion. Furthermore, the data is even less
stable than the data in the upper panel. The peak seen in January 2010 is not reflected contrariwise
the condemnation proportion even shows a trough in January 2010. Thus the number of animals that
were grouped into the emergency slaughter group was exceptionally high in January 2010 but also an
exceptional big part of the carcasses could be used for food consumption after slaughter (or at least
parts of the carcasses, as only whole condemnations are reported).

The summary statistics is shown in Table [} All reported numbers of emergency slaughtered pigs,
the monthly numbers of observed condemnations and condemnation proportions are illustrated in

Figure [0]
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Figure 6: Time series data of emergency slaughtered pigs

4.5 Missing Data

As this FLEKO data set is a complete data set, there was no need to deal with methods for missing
values.
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5 Retrospective Analysis

5.1 Retrospective Analysis: Normal slaughtered Cattle

The decomposition of the transformed carcass condemnation proportion for normal slaughtered cattle
(shown in Figure [7)) did not give evidence for a linear trend or a strong seasonal pattern in the data.
The variation in the transformed observed condemnation proportion (upper panel) was much higher
compared to the minor information coming from the estimated trend and seasonal component. Ad-
ditionally the estimated remaining part (lowest panel) illustrates that the variation can be attributed
more to the remaining part than to the effect of season and trend (comparison of the grey bars on
the right hand side of the plot). However a weak seasonal effect was modelled in autumn (peaking in
October). Furthermore the seasonal impact that has been observed in the descriptive analysis at the
end and in the beginning of each year can also be seen in the decomposition model. The estimated
trend (third panel) is a non-monotone function, indicating that there was no long term trend influ-
encing the data. It alternates annually between positive and negative trend phases.
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Figure 7: Season and trend decomposition of the transformed proportion of condemned car-
casses for normally slaughtered cattle (based on LOESS)

Unsurprisingly the condemnation counts were modelled best with simple models (modelling done with
method two (hhh4-models)). None of the top 5 models for normal slaughtered cattle (Table [7)) was
found to include a trend and a seasonal pattern at the same time. The fourth and fifth best models
included a seasonal effect of December only (Christmas effect), that was included either in the endemic
or in the autoregressive component and is consistent with what was observed in the descriptive part.
The third best model included a log-linear trend starting in 2010 in the autoregressive component.
The estimated seasonal or trend parameters were very small for those models, leading to very little
effect on the predicted number of condemnation counts.
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trendAR  trendEND seasonAR seasonEND df BIC lambda  overdisp.

1 t0 t0 sO sO 3 608.35 0.26 0.028
2 c.e. t0 c.e. sO 2 610.59 0.031
3 t2010 t0 sO sO 4 610.66 0.28 0.027
4 t0 t0 Xmas s0 4 610.68 0.26 0.027
5 t0 t0 sO xXmas 4 610.93 0.27 0.027

Table 7: Top five model fits for normal slaughtered cattle (t0=no trend, t2010=log-linear
trend starting in 2010, c.e.=whole autoregressive component excluded, sO=no seasonality,
xmas=effect of December only)

The best fit (with a BIC of 608.35) for normal slaughtered cattle was reached with a model including
an offset (total number of animals slaughtered), a baseline condemnation rate and a constant autore-
gression parameter. This model did not include any trend or seasonal pattern and thus confirmed the
result of method one (decomposition based on LOESS). Figure [8 shows the best model fit along with
the observed data.

150 — *
°©
2 100 —
(S
[}
©
c
(@]
o
S 50
® observed @ autoregressive
endemic ---- upper limit of 95%—ClI
0 —]

I I I I I I I
2007 2008 2009 2010 2011 2012 2013

time

Figure 8: Best model fit according to the BIC for normal slaughtered cattle (model components
endemic:t0, sO; autoregressive:t0, sO)

The estimated {A} for this model was 0.26. This means that about a quarter of the information
used to calculate the expected number of condemned carcasses can be gained from the autoregressive
component (previous month). It is clearly visible by comparing the blue and the grey components of
the plot (grey part is approximately four times bigger than the blue part). For all the five top model
fits, the estimated overdispersion parameters are very similar and rather small. It is about 0.028 for
the best model. In the context of outbreak detection an upper limit of condemnation counts that can
be expected to be observed without excessing an inconspicuous range is of great interest. On that
account the upper limit of the 95%-confidence-interval was plotted in Figure [8| (evidentially the lower
limit can be neglected for the purpose of outbreak detection).
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5.2 Retrospective Analysis: Emergency slaughtered Cattle

Compared to normal slaughters for emergency slaughtered cattle the additive decomposition of the
transformed proportion of condemned carcasses discloses different information about possible time
related patterns. The observed positive trend (seen in the descriptive part) for emergency slaughtered
cattle was reflected by the estimated trend in method one (third panel of Figure @ Likewise the turn-
ing point of this positive trend into a negative trend in 2012 was estimated as seen in the descriptive
part. Taking the grey bar at the right hand side of the plot into account, it can be concluded that the
estimated trend contains approximately as much information as there is variation in the data. Hence
other than for normal slaughtered cattle, for emergency slaughtered cattle it is reasonable to include
a monotone trend to model the data (even though it deviates from the actual data at least for the last
year observed).
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Figure 9: Season and trend decomposition of the transformed proportion of condemned car-
casses for emergency slaughtered cattle (based on LOESS)

The estimated impact of a seasonal pattern does not contain as much information as the trend compo-
nent. A weak seasonal pattern with the highest peak in August was estimated. Anyway, the estimated
effect of seasonality is much smaller than the variation in the data and therefore it can be deduced
that these data do not exhibit a seasonal pattern. Overall Figure [J] indicates that the trend and the
random part dominate these data.

The result of method one (the inclusion of a trend and exclusion of a seasonal pattern) was con-
sistent with the top five models found upon applying method two (Table [§)). None of the best five
models included a seasonal pattern but all of them included some kind of trend (either a shift in the
intercept 2010 or a log-linear trend).
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trendAR  trendEND seasonAR seasonEND df BIC lambda  overdisp.
1 t0 t1 s0 s0 4  659.16 0.28 0.009
2 j2010 t0 s0 s0 4 661.24 0.25 0.009
3 j2010 t1 s0 s0 5 661.69 0.25 0.009
4 j2010 j2010 s0 s0 4 661.76 0.29 0.01
5 tl t1 s0 s0 5 662.59 0.24 0.009

Table 8: Top five model fits for emergency slaughtered cattle (tO=no trend, tl=log-linear
trend, j2010=a shift in the intercept in January 2010, s0O=no seasonality)

The model that best fits the data (BIC of 659.16) included a log-linear trend in the endemic part only.
This model agrees well with what was observed in the descriptive part and in the analysis of method
one. A shift in the intercept in 2010 would be less compatible with the estimated trend of method
one (see third panel of Figure[d)). The estimated autoregression parameter {\} for the best model was
0.28. A visualization of the best model fit is shown in Figure

300 —

250 —

200 —

150 —

100 —

No. condemned

50

[ ] observed
endemic

@ autoregressive
upper limit of 95%—ClI

I I
2007 2008

I
2009

Figure 10: Best model fit according to the
components endemic:tl, sO; autoregressive:t0, s0)

I
2010

time

2011

2012 2013

BIC for emergency slaughtered cattle (model

The endemic part (shown in grey) contains the offsets and thus shows nicely the fluctuation seen in
the total numbers of emergency slaughtered cattle (see descriptive part). On the other hand it can be
seen, that the effect of the trend is very small compared to the offset (Figure . The best model fits
the observed data quite well. The upper 95%-confidence-interval is fairly narrow compared to the one
seen for the normal slaughtered cattle, due to the lower estimated overdispersion parameter (0.009).
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5.3 Retrospective Analysis: Normal slaughtered Pigs

According to method one, the time series data of the normal slaughtered pigs might include some time
trend but very likely no strong seasonality impacting the data. The grey bar on the trend panel is
slightly larger than the one on the data panel, revealing that the trend signal is quite large relative to
the variation in the data (Figure . The estimated seasonal component of the decomposition for the
transformed proportion of condemned carcasses does not provide considerable information about the
data according to Figure However, the shape of this weak estimated seasonal pattern includes four
harmonics with bigger effects in the period from September to February and lower impacts within the
season from February to August. This pattern can be explained with the increase of the number of
condemned carcasses which was observed from November to December in the descriptive part. The
estimated trend strengthens what was already observed in the descriptive analysis. Until 2010 there
was no (or maybe a very small non monotone) trend. After 2010 the trend is clearly positive and larger
for the second part of the time series. It can be deduced that these data do not exhibit a seasonal
pattern but include a trend (probably starting in 2010).
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Figure 11: Season and trend decomposition of the transformed proportion of condemned
carcasses for normally slaughtered pigs (based on LOESS)

The trend starting in 2010, that was observed in the descriptive statistics as well as with method one,
reappeared again in the top five models of method two (Table [9). The five models with the lowest
BICs all include a log-linear trend starting in 2010 in the endemic component. Despite the assumption
of method one, that the data does not feature a seasonal pattern, all the five models include a seasonal
component in the endemic part. But none of the estimated seasonal parameters in the endemic part
lead to noticeable effects, as the estimated coefficients are all very small.

The best model fit (BIC of 749.44) was achieved with a model including a log-linear trend that starts in
2010 and a seasonal pattern with one harmonic in the endemic component. This model does not include
an autoregressive component at all (consequently no {\} was estimated). As the data are time series
data the exclusion of the whole autoregressive component was rather surprising. Although the data is
assumed to be dependent on the previous observation, the best model fit resulted without including
any information of the previous time point. The estimated overdispersion parameter of the best model
is quite small (0.01) but still increases the model fit compared to the Poisson model (see Appendix).
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trendAR trendEND seasonAR seasonEND df BIC lambda  overdisp.

1 ce. t2010 c.e. sl 5  749.44 0.011
2 t0 t2010 sO sl 6 753.7 0 0.011
3 12010 t2010 s2 sl 11 755.01 O 0.008
4 10 t2010 sl sl 8 75549 0 0.01
5 c.e. t2010 c.e. s2 7 755.58 0.01

Table 9: Top five model fits for normal slaughtered pigs (t0=no trend, t2010=log-linear trend
starting in 2010, c.e.=whole autoregressive component excluded, sO=no seasonality, s1=sine-
cosine seasonality with 1 harmonic, s2=sine-cosine seasonality with 2 harmonics)

The visualization of the best fitting model (Figure only contains the endemic component (and does
not include the autoregressive component in blue). The estimated trend starting in 2010 as well as the
seasonal harmonics can be seen. This very simple model, which does not even include autoregression,
fits the data quite well. The upper limit of the 95%-confidence-interval (red dotted line) was fairly
narrow. Also the two data points that were suspected to be outliers in the descriptive part (February
2009 and February 2010), lie close to the 95%-confidence-interval, which supports the assumption that
the data are outbreak free.
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Figure 12: Best model fit according to the BIC for normal slaughtered pigs (model components
endemic:t2010, s1; autoregressive:no autoregressive component)
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5.4 Retrospective Analysis: Emergency slaughtered Pigs

The condemnation proportions of emergency slaughtered pigs are not affected by strong seasonal
effects or a time trend. The smallest impact on the data was caused by a seasonal pattern (according
to method one, second panel Figure . This is consistent with the lack of seasonality observed in the
condemnation proportion in the descriptive part. However, this weak estimated pattern includes four
harmonics with the highest peak in August. Slightly more information can be gained by the estimated
trend (but again the information was not of dominating importance). Despite all previous observations
of the other slaughter groups, the weak estimated trend is in general negative for emergency slaughtered
pigs, indicating a slight decrease of the condemnation proportion for emergency slaughtered pigs over
the last few years. This trend as well as any seasonality is not obvious and was thus not recognized
in the descriptive part.
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Figure 13: Season and trend decomposition of the transformed proportion of condemned
carcasses for emergency slaughtered pigs (based on LOESS)

Since very simple models were found to best fit the other data sets, it is not surprising that among
all the 840 different models, also for emergency slaughtered pigs the top five models appear to be
very simple ones (Table . All of the five best fitting models do not include any seasonal pattern
in the endemic and autoregressive component. The negative trend that is estimated with method one
re-emerged in different forms among the top five models again.

trendAR  trendEND seasonAR seasonEND df BIC lambda  overdisp.

1 0 t0 sO s0 3 53642 0.26 0.026
2 t0 t1 sO sO 4  536.74 0.23 0.023
3 tl t0 sO sO 4 5379 0.3 0.024
4 10 j2010 sO sO 4 53797 0.24 0.024
5 t0 t2010 s0 sO 4 538.64 0.24 0.024

Table 10: Top five model fits for emergency slaughtered pigs (t0=no trend, tl=log-linear
trend, t2010=log-linear trend starting in 2010, j2010=a shift in the intercept in January 2010,
sO=no seasonality)
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The model which best fits the data (BIC of 536.42) was the same model that was found to best fit the
normal slaughtered cattle data. It includes neither a trend nor a seasonal pattern and thus only consists
of the offset and a baseline condemnation rate in the endemic part and the autoregressive component.
The ratio between the information coming from the previous data and the information coming from
the endemic part is approximately 1 to 4 ({A} of 0.26). Besides the autoregressive component a big
part of the information is contributed by the offset (thus the fluctuation that can be observed in the
grey part of Figure|14]is mainly caused by the offset). The estimated overdispersion parameter for the
best model fit was, same as for the other data sets, fairly low (0.03). Anyway it enhances the model fit
compared to the Poisson model (see Appendix). The upper limit of the 95%-confidence-interval is, as
for normal slaughtered cattle, wider than in the emergency cattle and normal pig data sets. However,
also for emergency slaughtered pigs, the best model fits the data well.
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Figure 14: Best model fit according to the BIC for emergency slaughtered pigs (model com-
ponents endemic:t0, sO; autoregressive:t0, s0)

The plots of the autocorrelation function of the residuals for all the datasets for method one and two
are included in the Appendix. These plots show that for both methods used potential seasonal or
trend patterns are disappeared in the residuals of the decompositions. Thus both methods captured
the patterns well (this is not surprising as for most of the data sets there was no or only little evidence
for a trend or a seasonal pattern). The majority of the sample correlations is particularly small and
can therefore be attributed to random noise.
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6 Prospective Analysis

For all data sets, the prospective analysis part includes the performance of the algorithm with pa-
rameters chosen according to the result of the retrospective analysis, as well as the results of the best
performing algorithm in terms of POD for small outbreak sizes (k=2 to 3). The detection of small out-
breaks was the main focus as big outbreaks can be detected with other sources as well. The outcomes
of some of the other algorithms tested are shown in the Appendix as representative examples for all
algorithms tested. In general with thresholds based on the 0.995 quantile (alpha=0.005 see Appendix)
the decrease in POD for small outbreaks was unconvincing compared to the decrease in FPR. The
inclusion of a trend did not improve performance of the algorithms for our data (in terms of POD). By
including a trend the performance was either similar or worse. This is reasonable as the simulations
did only include a very weak trend or no trend at all (see representative examples in the Appendix).
The systematic exclusion of data to account for emerging outbreaks (by setting {pastWeeksNotIn-
cluded} to 2) had no remarkable effect on the POD or FPR and the mean TTD and CUD were not
shortened or decreased as well (see representative examples in the Appendix). Thus the impact of
emerging outbreaks on the sensitivity and specificity can be neglected for the outbreak simulations
used. This is why the performance of the algorithms with pastWeeksNotIncluded=0 are shown in the
prospective results part. In general different settings of {w} and {b} only had little effect on algorithm
performance. For w=1 or w=2 the performance of the algorithms was either worse or very similiar to
w=6 in terms of POD, TTD and CUD. The FPR of algorithms with w=1 or w=2 were very similar or
improved compared to w=6 (see representative examples in Appendix). The difference between w=0
and w=6 was more clear and will be discussed in detail in the next section part. By including a higher
amount of historic data (setting noPeriods=11) while using w=0 the performance was not improved
in terms of POD for small outbreak detection (see representative example for emergency slaughtered
cattle in Appendix). In general for all algorithms the CUD proportion of the whole outbreak size but
also the TTD as well as the FPR were fairly stable over k with a tendency to slightly decrease with
increasing k. The POD clearly increased with increasing k for all the algorithms tested.

6.1 Prospective Analysis: Data Simulation

For all simulated outbreak data sets the mean outbreak duration increases with increasing scaling
parameter k£ (from 2 to 10). The outbreak durations are very similar among all the four data sets (on
average between 3.6 and 5.6 months). Differences in the outbreak sizes between the data sets are more
obvious. These deviations are due to the specific estimated standard deviation used to calculate the
outbreak sizes. Naturally, the outbreaks increase in size with increasing scaling parameter k. Figure
shows an example of the outbreak simulations for each of the four different groups and for different
parameters k.
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Figure 15: Illustrative example of outbreak data simulation for different parameters k£ and for

the four different slaughter groups (number of condemnations during the outbreak are marked
in red).

Sarah Thommen, sarah.thommen®@uzh.ch 32 June 15, 2014



sarah.thommen@uzh.ch



Master Program in Biostatistics University of Ziirich

6.2 Prospective Analysis: Normal slaughtered Cattle

The simulations for normal slaughtered cattle resulted in outbreaks lasting 3.9 to 4.9 months on aver-
age. The mean outbreak size lie between 33.1 and 166.3 for the different scaling parameters (k=2 to
10). For outbreaks of 2 standard deviations (k=2), on average 33.1 additional cases were distributed
to the 3.9 outbreak months (leading to an average of 8.5 additional cases per outbreak month). Taking
into account the mean baseline number of condemned carcasses predicted by the best model (1=81.71)
and the estimated standard deviation of 16.33 this is a fairly low number of additional cases. Only
by increasing the parameter k£ to 5 the mean number of additional cases per month (19) is above the
estimated standard deviation. The outbreak size of the most extreme simulations (with £=10) is on
average 166.3 with a mean outbreak duration of 4.9 months. On the other hand those outbreak sizes
are perceptible high compared to the estimated mean and standard deviation of the baseline data.
Mean outbreak sizes and durations for normal slaughtered cattle are summarized in Table

Table (a) and (b) show the outcome of two different outbreak detection algorithms used. Al-
gorithm 1 (Table (a)) includes parameters chosen according to the results of the retrospective
analysis. Therefore it includes no trend and no seasonal components. Algorithm 2 was the algorithm
with the best outbreak detection performance (in terms of POD) for low outbreak sizes. The resulting
algorithm includes more of the historic data (b=3 instead of b=2). As a consequence the window size
of the data used for the first step of the algorithm (the model fitting) had to be narrowed (w=0).
Thus Algorithm 2 includes no trend but considers monthly seasonal effects (in an analogous manner
as the original Farrington algorithm).

Both algorithms show low FPR values in the context of early outbreak detection. Whereas Algorithm
1 achieves slightly better FPRs (one positive alarm between every 9 and 17 years), the FPRs for Al-
gorithm 2 are less compelling (one positive alarm between every 2.5 and 2.7 years). Both algorithms
achieve FPRs which lead to less than one false positive alarm every year resulting in investigation
costs which should be deemed acceptable. In terms of POD Algorithm 1 is again more convincing,
at least in terms of the detection of larger outbreaks (k=5 to 10). But for small outbreak detection
Algorithm 2 performs slightly better. Algorithm 1 only detects more than 30% of the outbreaks for
k bigger than 4 whereas Algorithm 2 already detects more than 30% of all outbreaks if k& equals 3

(Table [11]).

k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 3.9 33.1 1.1 274 0.11 0.009 2 3.9 33.1 1.2 252 0.23 0.033
3 4.2  49.6 1.0 39.8 0.26 0.009 3 4.2  49.6 1.1 38.2 0.35 0.032
4 4.3  66.5 1.0 53.8 0.45 0.007 4 4.3  66.5 1.1 51.0 046 0.031
5 4.4 835 1.0 65.8 0.66 0.006 5 4.4 835 1.1 62.8 0.58 0.033
6 4.6  99.6 1.0 787 0.80 0.006 6 4.6  99.6 1.0 73.6 0.66 0.031
7 4.7 116.2 1.0 89.5 0.90 0.007 7 4.7 116.2 1.0 86.5 0.73 0.033
8 4.7 132.6 1.0 102.6 0.93 0.005 8 4.7 132.6 1.0 99.5 0.79 0.032
9 4.9 149.6 1.0 1159 0.96 0.006 9 4.9 149.6 0.9 109.7 0.85 0.032
10 4.9 166.3 0.9 126.1 0.97 0.006 10 4.9 166.3 0.9 122.0 0.88 0.031
(a) Algorithm 1 - according to retrospective analysis (b) Algorithm 2 - best POD for small outbreak detection
(b=2, w=6, trend=FALSE, noPeriods=1) (b=3, w=0, trend=FALSE, noPeriods=1)

Table 11: Outbreak detection performance for the simulated data sets of normal slaughtered
cattle
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The difference between the two algorithms in terms of TTD is very small. Algorithm 2 needs on av-
erage slightly more than 1 month to detect an outbreak for small outbreak sizes (k=2 to 5). Whereas
Algorithm 1 detects outbreaks on average within the first month independent of the outbreak size.
The CUD shows that the peak of the outbreaks is or was already reached at the time of detection.
The number of outbreak cases which emerged until detection (CUD) is between 27.4 and 126.1 for
both algorithms. Thus 73% to 83% of the outbreak cases already occurred before outbreak detection.
The CUDs of Algorithm 2 are slightly smaller than the ones for Algorithm 1.

Over all the improvement for small outbreak detection from Algorithm 1 to Algorithm 2 is not strik-
ing. Its performance is only better for outbreaks smaller than 4 standard deviations and at the same
time the FPR is more than 3 times higher than in Algorithm 1. Algorithm 1 outperforms Algorithm
2 in the detection of outbreaks the size of more than 4 standard deviations and reaches a POD of
97% as opposed to 88% for Algorithm 2. Based on the sample size included for threshold estimation,
Algorithm 1 is doubtless the more reliable one as well.

6.3 Prospective Analysis: Emergency slaughtered Cattle

For emergency slaughtered cattle the mean of the estimated incident rates (z=185.86) is more than
twice as high as for normal slaughtered cattle and has a slightly higher estimated standard deviation
of 22.27 as well. The mean simulated outbreak sizes and durations for emergency slaughtered cat-
tle resulted to be very similar to the ones obtained for normal slaughtered cattle (compare Table
and . To add on average more cases than one estimated standard deviation to each month of the
outbreak, a scaling parameter k of at least 5 was needed. For the most extreme outbreak scenario
simulated (k=10) the mean outbreak size is about (230.8). With a mean outbreak duration of 5.1 this
makes on average 45.25 additional cases per outbreak month. This corresponds to adding on average
24% of the mean incidence rate of the best model (z=185.86) on top of the baseline counts for each
outbreak months.

The parameters which are compatible with the best fitting model of the retrospective analysis (no
seasonality but a trend included) were used for Algorithm 1. The improved algorithm for emergency
slaughtered cattle is the equivalent to Algorithm 2 for normal slaughtered cattle (more historic data
is included with b=3, a smaller window size is used with w=0 and no trend is included) and is thus
again very similar to the original Farrington algorithm. Table (12| (a) and (b) list the performances of
the Algorithms 1 and 2 for emergency slaughtered cattle.

The difference between the two algorithms for emergency slaughtered cattle is more pronounced to
what was seen for the normal slaughtered cattle. Whereas Algorithm 1 detects 20% of the smallest
outbreaks (k=2), Algorithm 2 is able to detect 46%. Algorithm 1 is only able to detect more than 40%
of the outbreaks of size bigger than 91.4 (k=4). Both algorithms are convenient for large outbreak
detection with maximal PODs of 0.96 (Algorithm 1) and 0.92 (Algorithm 2). For outbreaks of the
size bigger than 5 standard deviations, Algorithm 1 is outperforming Algorithm 2 in terms of POD.
The difference of the two Algorithms in terms of FPR is remarkable. Again Algorithm 1 is more
convenient. The FPR for Algorithm 2 is on average 9 times higher than the one for Algorithm 1.
However, Algorithm 2 might still be acceptable with an FPR between 8.4% and 9% for data that is
reported in a monthly manner. This would lead to maximal one false positive alarm every 11 months.
The TTD for the two algorithms are very similar but differences in the CUDs are observed. On average
Algorithm 2 detects the small outbreaks (k=2 and 3) a bit later, but both algorithms detect outbreaks
on average within 1 month after outbreak start. Both algorithms detect outbreaks after 64% to 80%
of the outbreak cases occurred. Algorithm 2 is slightly better in terms of CUD (CUD for Algorithm
1 are between 37.2 and 171.9 and between 31.4 and 148.6 for Algorithm 2).
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k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 4.1 464 1.0 372 0.20 0.013 2 4.1 464 1.1 314 046 0.087
3 44  69.6 1.0 552 035 0.013 3 44  69.6 1.1 484 0.56 0.089
4 4.5 914 1.0 72.1  0.51 0.011 4 45 914 1.0 60.6 0.64 0.088
) 4.7 1149 1.0 89.7 0.72 0.008 ) 4.7 1149 1.0 793 0.73 0.086
6 4.8 136.6 1.0 106.5 0.83 0.011 6 4.8 136.6 0.9 93.7 0.80 0.086
7 4.9 161.7 1.0 1253 0.90 0.009 7 4.9 161.7 0.9 1093 0.84 0.084
8 5.0 185.0 0.9 1399 095 0.009 8 5.0 185.0 0.9 123.0 0.88 0.090
9 5.1 207.1 0.9 154.0 0.96 0.008 9 5.1 207.1 0.8 135.6 091 0.088
10 5.1  230.8 0.9 1719 0.96 0.008 10 5.1  230.8 0.8 148.6 0.92 0.085
(a) Algorithm 1 - according to retrospective analysis (b) Algorithm 2 - best POD for small outbreak detection
(b=2, w=6, trend=TRUE, noPeriods=1) (b=3, w=0, trend=FALSE, noPeriods=1)

Table 12: Qutbreak detection performance for the simulated data sets of emergency slaughtered
cattle

6.4 Prospective Analysis: Normal slaughtered Pigs

For normal slaughtered pigs higher numbers of condemned carcasses were observed (see descriptive
statistics). The estimated standard deviation of the best model (41.42) is higher for normal slaughtered
pigs compared to the other groups. Consequently the simulated outbreaks are larger in size (more than
double the size of for normal and emergency slaughtered cattle). Furthermore the outbreak duration
is slightly longer for normal slaughtered pigs (Table . The mean outbreak duration is between 4.5
and 5.6 months and includes an average of between 88.4 and 444.4 additional cases for the different
parameters k. These numbers are high compared to the outbreak sizes simulated for the other data
sets. Still relative to the mean predicted baseline counts (z=353.09), the numbers are alike to what
was simulated for the other data sets. For the most extreme outbreak situation (k=10), the average
of cases added to each outbreak month, are approximately ! /4 of the mean baseline counts () (which
is the same than what was seen for emergency slaughtered cattle).

For normal slaughtered pigs the best fit in the retrospective part was found for a model which in-
cludes a seasonal pattern. As there are two ways used to include seasonality for outbreak detection
(either according to the original or the improved Farrington algorithm) there are two Algorithms 1
for normal slaughtered pigs (la and 1b). Table (a) shows the result of the first variation of the
algorithm used (Algorithm la). This version considers seasonality in an analogous manner compared
to the original of Farrington algorithm. Algorithm 1la includes a trend, the biggest possible amount
of historic data (b=3) and a narrow window size around the current observation (w=1). In terms of
POD the outbreak detection is similar to what was observed for the cattle data sets. Algorithm la
detects between 18.1% and 91.3% of the outbreaks for & form 2 to 10. The FPR of Algorithm 1la
is convincing for monthly data (between 0.021 and 0.024) and would lead to up to one false positive
alarm every 3.5 years.

The TTD of Algorithm 1la for normal slaughtered pigs is similar to what was observed for the cattle
data sets and thus convenient. Again one drawback of the algorithm is the CUD. Between 73% and
75% of the total outbreak cases emerged before the time of detection.
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k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 4.5 88.4 1.3 642 0.18 0.024 2 4.5 884 1.1 69.2 0.10 0.007
3 4.8 133.2 1.1 984 0.29 0.021 3 4.8 133.2 1.1 104.5 0.21 0.006
4 5.0 176.9 1.1 1314 0.38 0.023 4 5.0 176.9 1.0 136.8 0.37 0.007
) 5.1 2218 1.0 163.0 0.51 0.023 ) 5.1 2218 1.0 171.8 0.57 0.007
6 5.3 267.0 1.0 201.0 0.62 0.022 6 5.3 267.0 1.0 208.7 0.71 0.006
7 5.3 311.0 1.0 228.8 0.75 0.021 7 5.3 311.0 1.0 240.5 0.83 0.005
8 5.4 355.8 0.9 265.8 0.84 0.022 8 5.4 355.8 1.0 274.1 091 0.005
9 5.5 397.8 0.9 2927 090 0.022 9 5.0 397.8 1.0 302.8 0.95 0.005
10 5.6 4444 0.9 3272 091 0.023 10 5.6 4444 1.0 338.8 094 0.005
(a) Algorithm 1a - according to retrospective analysis (b) Algorithm 1b - according to retrospective analysis
(b=3, w=1, trend=TRUE, noPeriods=1) (b=3, w=1, trend=TRUE, noPeriods=3)
k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 45 884 1.2 58.1 0.65 0.140 2 4.5 884 1.3  67.0 0.33 0.040
3 4.8 133.2 1.1 89.1 0.75 0.135 3 4.8 133.2 1.1 100.1 0.49 0.037
4 5.0 176.9 1.0 116.0 0.81 0.138 4 5.0 176.9 1.0 129.7 0.62 0.036
) 5.1 2218 0.9 1374 0.87 0.137 ) 5.1 2218 0.9 162.7 0.74 0.031
6 5.3 267.0 0.9 166.7 0.90 0.134 6 5.3 267.0 0.9 1923 0.84 0.028
7 5.3 311.0 0.8 187.8 0.92 0.133 7 5.3 311.0 0.9 2231 091 0.026
8 5.4 355.8 0.8 2184 0.95 0.134 8 5.4 355.8 0.9 250.2 096 0.022
9 5.5 397.8 0.8 236.5 097 0.134 9 5.5 397.8 0.9 2733 0.97 0.021
10 5.6 4444 0.7 2561 0.96 0.133 10 5.6 4444 0.9 301.8 096 0.020
(c) Algorithm 2 - season only (d) Algorithm 3 - trend only
Best POD for small outbreak detection Increased POD for small outbreak detection
(b=3, w=0, trend=FALSE, noPeriods=1) (b=2, w=6, trend=TRUE, noPeriods=1)

Table 13: Outbreak detection performance for the simulated data sets of normal slaughtered
pigs

The second variation of the algorithm used (Algorithm 1b) takes advantage of the parameter {noPe-
riods} of {farringtonFlexible}. The seasonality found in the retrospective analysis (a function with 2
harmonics per year) is taken into account by setting {w}=1 and {noPeriods}=3. The performance
of this outbreak detection variation is summarized in Table (b). The POD of Algorithm 1b is
very good for large outbreaks. More than 50% of the outbreaks are detected if the outbreaks are of
size 221.8 or bigger (k >5). For outbreaks of 2 to 4 standard deviations, the performance is not as
convenient in terms of POD (only 10% to 37% are detected for k=2 to 4). In terms of FPR Algorithm
1b is very satisfactory with a maximal FPR of 0.007. The TTD of Algorithm 1b is comparable with
what was obtained for Algorithm la and the other data sets (the outbreaks are detected within one
month on average). The performance of Algorithm 1b is comparable to Algorithm la in terms of
CUD. On average Algorithm 1b detects outbreaks after 77% of the total outbreak cases occurred for
Algorithm 1a it is on average after 74%.

The performance of outbreak detection for the simulated times series of normal slaughtered pigs,
can be increased in terms of POD by including either only a seasonal or only a trend pattern. These
algorithm variations are shown as Algorithm 2 and 3 respectively (Table [13|(c) and (d)). Algorithm 2
includes no trend, the biggest possible amount of historic data (b=3) and a narrow window size around
the current observation (w=0). In terms of POD this outbreak detection is much more efficient than
what was achieved so far. Algorithm 2 already detects more than 60% of the outbreaks for the smallest
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outbreak size simulated (k=2). The TTD of Algorithm 2 for normal slaughtered pigs is convenient
and is even slightly better for larger outbreaks than what was observed for Algorithm la and 1b. One
drawback of the algorithm is again the large CUD even though it is already improved compared to
what was seen for the other algorithms. Between 58% and 67% of the total outbreak cases emerged
before detection. Another drawback of Algorithm 2 is the FPR, which is remarkably high (between
0.133 and 0.14). Thus Algorithm 2 leads to up to 1.7 false positive alarms each year. This algorithm
variation includes again only very little data for threshold estimation and is therefore less reliable than
other algorithms. Nevertheless it is interesting that similar to what was seen previously for the cattle
data sets, the performance of this algorithm is the best in terms of POD for small outbreak detection.

However, there is a fourth mentionable Algorithm (Algorithm 3 see Table[12{(d)) that can increase the
POD and at the same time leads to more convenient FPRs. This rather simple algorithm includes a
trend but no seasonality and thus the estimated threshold is based on a bigger sample. The algorithm
is able to detect between 33.4% and 97.4% of outbreaks (for k=2 to 10). With Algorithm 3 a mean
FPR of 0.029 is achieved where the mean FPR in Algorithm 2 was 0.135 (Tables [13|(c) and (d)). The
improvement in terms of FPR is not striking, but at least the expected emergence of investigations
are decreased from one every 7 months (Algorithm 2) to one every 25 months (Algorithm 3). The
FPR of Algorithm 3 decreases with increasing outbreak size, indicating that in this case the specificity
of the algorithm is influenced by emerging diseases. The TTD for Algorithm 3 (between 0.9 and 1.3)
are comparable to the outcomes of the other algorithms and are not dramatically long for outbreaks
that last between 4.5 and 5.6 months. The CUD for Algorithm 3 is comparable to what was seen
for Algorithms la and 1b. Algorithm 3 detects an outbreak on average only after 72% of the total
outbreaks have already occurred.

6.5 Prospective Analysis: Emergency slaughtered Pigs

The simulated time series for emergency slaughtered pigs are similar to the ones obtained for cattle.
In contrast to the normal slaughtered pigs (with the highest outbreak sizes and durations simulated),
for emergency slaughtered pigs the lowest and shortest outbreaks were obtained. This is due to the
estimated standard deviation of 10.03 and the estimated mean incidence rate (=46.15) used to simu-
late the data. The resulting time series contain outbreaks of an average size of 20.6 to 102.7 (for k=2
to 10). The outbreak durations are on average between 3.6 and 4.6 months. To exceed the estimated
standard deviation of the best model (10.03) with the mean number of cases added to each month of
the outbreak, parameter k needs to be at least 4. The mean of the estimated outbreak durations and
sizes for all parameters k are listed in Table

In the retrospective analysis the best model for emergency slaughtered pigs was found to be the same
as for normal slaughtered cattle. Therefore the same algorithms were tested for the outbreak detection
of those two groups. Table 14| (a) and (b) show the outbreak detection performance of these two algo-
rithms with emergency slaughtered pig outbreak simulations. Algorithm 1 (the very simple algorithm
without seasonal and trend pattern) is convincing in terms of POD for larger outbreaks (with k=7
to 10). It is able to detect at least 85% of the simulated outbreaks of the size 72 and bigger (k >7).
The performance of this algorithm is comparable with the performance of Algorithm 1 for normal
slaughtered cattle.

Algorithm 2 (which includes a longer learning period and considers seasonality but no trend) reaches
slightly higher PODs for smaller outbreaks (with k=1 to 2) compared to Algorithm 1. This is what
was seen for normal slaughtered cattle as well. Both algorithms are able to detect more than 50% of
the outbreaks for outbreak sizes bigger than 51.2 (k=5).
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k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 3.6  20.6 1.0 178 0.12 0.010 2 3.6  20.6 1.2 169 0.19 0.027
3 3.9 313 1.0 269 0.28 0.009 3 3.9 313 1.1 253 0.31 0.025
4 4.0 411 1.0 33.8 0.42 0.007 4 4.0 411 1.1 319 0.38 0.026
) 4.2  51.2 1.0 419 0.60 0.007 ) 4.2  51.2 1.0 404 0.52 0.028
6 4.3 619 1.0 493 0.74 0.006 6 4.3 619 1.0 454 0.61 0.026
7 4.4 720 1.0 56.1 0.85 0.006 7 44 720 1.0 53.1 0.70 0.026
8 4.5 829 1.0 649 0.89 0.007 8 4.5 829 1.0 628 0.78 0.024
9 4.5 92.7 1.0 71.1 0.92 0.006 9 4.5 92.7 1.0 694 0.80 0.025
10 4.6 102.7 1.0 78.0 0.96 0.005 10 4.6 102.7 0.9 757 085 0.024
(a) Algorithm 1 - according to retrospective analysis (b) Algorithm 2 - best POD for small outbreak detection
(b=2, w=6, trend=FALSE, noPeriods=1) (b=3, w=0, trend=FALSE, noPeriods=1)

Table 14: Qutbreak detection performance for the simulated data sets of emergency slaughtered
pigs

In terms of FPR, both algorithms are convenient. Even though the FPR of Algorithm 2 is on average
3.6 times higher compared to the one of Algorithm 1. With a mean FPR of 0.026 it would still lead to
only one false positive alarm every 3 years. Algorithm 1 performs slightly better in terms of TTD as
well. However with TTDs between 0.9 and 1.2 both algorithms can detect outbreaks within a similar
time period as seen for the other groups. Also the CUDs of the two outbreaks lie in a similar range.
Both algorithms detect outbreaks only after the majority of the outbreak cases have already occurred
(73% to 86%). Algorithm 2 is doing slightly better in terms of CUD (81% on average for Algorithm
1 and 77% on average for Algorithm 2).
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6.6 Prospective Analysis: Summary and Conclusion

Figure [16| summarizes the performance of the algorithms for all the simulated data sets. The PODs
achieved with the algorithms according to the retrospective analysis (Figure|16|(a)) are not prominent
for small to medium outbreak sizes. Only outbreaks with high magnitudes (k=8 to 10) are detected
reliably (POD>80%). To detect more than 50% of the outbreaks with Algorithms 1, the number of
added cases need to be more than 102%, 49% and 111% of the mean monthly baseline counts (for
normal and emergency slaughtered cattle and emergency slaughtered pigs respectively). For normal
slaughtered pigs the number of added cases needs to be more than 63% of the mean monthly baseline
counts to detect at least 50% of the outbreaks with Algorithm la and more than 63% of the mean

monthly baseline counts with Algorithm 1b.
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Figure 16: Outbreak detection performance for all detection algorithms and data simulations.
The line in grey marks the FPR that corresponds to one false positive alarm per year and a
POD of 0.5 respectively. The adjusted algorithms are the algorithms with the best PODs for
small outbreak detection or in case of Algorithm 3 for normal slaughtered pigs with increased
PODs compared to Algorithms 1.
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The FPRs for the algorithms according to the retrospective analysis (shown in Figure[16| (c)) are far
below the rate which corresponds to one false positive alarm per year (dotted grey line in the plot).
For all data sets the FPRs are between 0.005 and 0.024, corresponding to one investigation every 3 to
18 years.

By modifying the outbreak detection algorithm the PODs for the small outbreaks can be improved
for all data sets. Algorithms 2 and 3 achieve PODs (for k=2 or 3) which are 1.6 to 6.8 times as high
as the ones for Algorithms 1. On the other hand the improved algorithms decrease the PODs for
outbreaks with k larger than 6 except for the algorithms used for normal slaughered pigs. Compared
to Algorithm la and 1b the two modified algorithms used for the normal slaughtered pigs (shown in
blue in Figure|16| (d)), increase the outbreak detection proportion for all the outbreak sizes.

For all data sets the algorithms which are improving the POD for small outbreaks lead to an in-
crease of the FPR at the same time. In some cases this increase is not dramatic. It shortens the
mean expected time between two false positive alarms by several years but the resulting FPR is still
acceptable. It reduces the gap from 12.4 to 2.6 years for normal slaughtered cattle and for emergency
slaughtered pigs and from 4 years (Algorithm la) or 14.5 years (Algorithm 1b) to 2.9 years (Algorithm
3) for normal slaughtered pigs. The increase in FPR is more severe for emergency slaughtered cattle
and for Algorithm 2 for normal slaughtered pigs. For emergency slaughtered cattle one false alarm
can be expected every 8 years with Algorithm 1 and with Algorithm 2 once every 11 months (which is
just at the edge of acceptance). The highest number of false positive alarms (on average) are expected
with Algorithm 2 for normal slaughtered pigs (1 alarm every 7 months). All the outcomes (range
of POD and FPR) for the simulated outbreak sizes used are comparable to what was observed in a
similar study by Noufaily et al. [2§].
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7 Discussion

7.1 Discussion: Retrospective Analysis

The retrospective analysis with the two different methods used provides sufficient information about
the data distribution of the different animal and slaughter groups. The dependence of the data on time
related factors (trend, seasonality and autoregression) can be evaluated nicely by these methods. The
purposes for which the two different methods were used each suited the advantages and disadvantages
of both and the results gained revealed relevant information.

The first method, the additive decomposition based on LOESS, was convenient to get an idea of
the seasonal and trend patterns that should be used in the second method. The main advantage of
method one (compared to method two) is its robustness. The biggest disadvantage and the one reason
why method two was needed, is the lack of an easily accessible regression function in method one. It
does not produce a regression function which can be represented by a mathematical formula. Thus
to simulate outbreak data time series or to predict expected condemnation counts, method one is
inappropriate. These requirements are met by method two. Applying the {hhh4} function results in
a regression function that describes the data in a convenient way. By using the estimated parameters
of this function, baseline time series of the condemnation rates can be simulated. However, to be able
to use method two efficiently, an idea about the seasonal and trend pattern that could influence the
data are essential. Another disadvantage is the fact, that the models can quickly become complex
(depending on the combinations of seasonal and trend patterns used) and several parameters possibly
have to be estimated. If long term data is not available and at the same time the reporting frequency
is low, it can lead to unreliable and thus useless estimates with large standard errors. In this project
the time series ranged over 6 years and the data were reported in a monthly manner, which is why the
sample size was rather small. E.g. for estimates of monthly seasonal effects, only 6 observations per
month could be used. Another disadvantage of method two is, that it cannot be applied in a robust
way. Especially for short time series (which lead to low sample sizes for monthly data), one outlier
can strongly influence the estimates.

According to the retrospective analysis it can be concluded that simple models best fit the con-
demnation rates of Swiss slaughterhouse. Thus time related factors, such as seasonality and long term
trends do not influence the data strongly in general. Autoregression on the other hand influences the
data to a great extent which is reasonable for time series data.

7.2 Discussion: Prospective Analysis

The simulation of outbreaks for condemnation rates of Swiss slaughterhouses were done according to
Noufaily et al. [28]. One can argue that using exactly the same method to simulate outbreaks for
monthly condemnation counts from slaughterhouses as is used for weekly organism counts in labo-
ratories might not be appropriate. The simulation of the outbreak sizes, might be feasible but the
parameters used to lognormal distribute the data in time could be disproportionate. The parameters
chosen lead to outbreak durations of several months, which does not fit the expected duration of aber-
rations reflecting (re-)emerging outbreaks for a wide range of infectious diseases. The incubation times
for infectious diseases differ between several days to years (e.g. 1-5 days for foot-and-mouth disease;
1-4 weeks for Lumpy skin disease or several years for BSE). Also the duration of the disease and its
transmission rates differ between diseases [31]. Thus outbreak simulations between 3 to 6 months
can be too restrictive. On the other hand, for poor animal handling these outbreak durations can be
appropriate, as manifestation of maltreatment of animals can be protracted and thus aberrations can
be expected to last for several months. By choosing other parameters or another simulation method
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a wider range of outbreak dynamics can be captured. For example with the {hhh4} models outbreaks
could be simulated for the data sets, by increasing the parameter {\} progressively for a randomly
chosen time period at different starting points. In general only a small amount of data was used to
estimate the threshold for outbreak detection (e.g. with b=3 or b=2). With larger amounts of data
(e.g. b=5) the uncertainty of the estimates can be decreased and will lead to a more precise threshold.
Therefore using a higher amount of historic data can potentially increase the POD or decrease the
FPR. Therefore simulating longer time series (longer than 72 months) for the use of the algorithm
could improve outbreak detection and might therefore be of interest. The simulation of longer time
series might also require simulations of the offsets. As in this case the reuse of the offsets of the historic
data is only appropriate if the offset data are not influenced by a trend or seasonal pattern. The offset
contributes to a great part to the threshold estimation. Thus in any case the reuse of the historically
observed offset for all the simulations might also influence the performance. As such, the investigation
of offset simulation is of interest in general.

The performance of the {farringtonFlexible} algorithm for the simulated outbreaks was convenient
regarding FPR. One can argue that the method of FPR calculation leads to underrated FPRs (due
to the influence of the injected outbreaks in the beginning of the Outbreak-Risk-Period). As these
outbreaks can impact the specificity and the FPR for those simulations might be underestimated. This
concern cannot be refuted entirely, but since the FPR is fairly stable over k (for almost all algorithms)
and this effect can be expected to increase with increasing outbreak size it can be neglected. Thus the
FPR calculation seems appropriate for the evaluation of the algorithms on the simulations used. A
way to reassure the validity of the FPRs would be to recalculate the rates by applying the algorithm
to simulations which do not include any outbreaks (as done by Noufaily et al. [28]). The major part of
the convenience in the FPR might be attributed to the monthly reporting system. For more frequent
reports (e.g. on weekly or daily basis) the FPRs would need to be reinvestigated again and could be
the limiting factor. The same is true for the quantile used to calculate the thresholds. For monthly
reports a 0.975 quantile leads to sufficiently low FPRs, but for more frequently reported data the use
of a 0.995 quantile might be required (as stated in the studies of Noufaily et al. [28]).

In terms of POD the performance of the algorithm used in this study was convenient for large outbreak
simulations. For outbreaks of small sizes, the proportion of outbreaks detected was less satisfying. One
problem which is faced is the presence of high variations in the baseline data and the low amount of
data points used for parameter estimation. The low amount of data leads to uncertain estimates with
potentially high standard errors which lead to increased thresholds. High variances in the baseline
data lead to high estimated mean incidence rates and therefore to presumably high thresholds (relative
to months with low condemnation counts). Therefore exceeding a threshold with small outbreak sizes
is getting less likely. As such it is especially difficult to detect small outbreaks efficiently with the data
and the settings used (Figure [L5]illustrates this problematic).

Surprisingly the best performing algorithms (in terms of POD for small outbreak detection) turned
out to be the algorithms which included the smallest amount of data for threshold estimation. These
algorithms are not reliable and should be considered with serious concerns. However, it is still inter-
esting to see that these algorithms performed the best for all the groups. Thus further investigations
on monthly seasonal effects with more frequent or larger amount of data would be of interest. The
options to account for seasonal effects are not convincing. A resonable approach for improvement
might be the modelling of seasonality by sine and cosine functions instead of step functions. Even
though there was little evidence for seasonal effects in the monthly data, to reinvestigate seasonality
with more frequent data would be of interest.

Sarah Thommen, sarah.thommen®@uzh.ch 42 June 15, 2014



sarah.thommen@uzh.ch



Master Program in Biostatistics University of Ziirich

For our study the possibility to use the algorithm in a robust way was not needed. As the data
was known to be outbreak free, this option did not seem to be of interest. It might be interesting to
include the option anyway to see if better results can be obtained in terms of POD by down-weighting
counts which could be outliers or part of an emerging outbreak. Furthermore it would be interesting
to investigate the performance of the algorithm for time series which include outbreaks already in the
baseline data, as such scenarios could be faced with real data. With this option, Farrington algorithm
is able to account for known as well as unknown outbreaks in the past.

In terms of TTD and especially CUD the algorithm performance for early outbreak detection us-
ing monthly data is inconvenient. Despite the fact that the majority of the outbreaks are detected
within one month, more than 50% of the outbreak cases already have occurred at the time of detection.
Thus as a matter of fact, outbreaks with the assumed distribution in time can hardly be detected early
by using monthly data. The applicability of the algorithm for early outbreak detection needs to be
investigated using more frequently reported data and cannot be evaluated based on this study.

Recommendation for preliminary test stage on real data (short-term): Overall the appli-
cation of Farrington algorithm on the currently available data seems reasonable. Despite the lack of
timeliness and even though the PODs are not convincingly high for all outbreak sizes, the output of
the algorithm is of avail. The cost of applying the algorithms in a monthly manner and the cost of
possible investigations due to false positive alarms are low and therefore acceptable. If an alarm is
flagged the first investigations that are made on condemnation counts are not very time and cost con-
suming. First the reason for the condemnations is analysed in detail. A heterogeneous mix of reasons
indicates that the alarm is possibly due to occasional events. A second step is the investigation of the
geographical pattern of the condemnation counts. Again a heterogeneous distribution of the condem-
nation counts in terms of the location of the slaughter and the origin of the animal (farm) indicates
a coincidental increase of condemnations. Only if there is a high occurrence of one specific reason or
a geographical accumulation of condemnations more intensive investigations at higher costs are needed.

The interest in the detection of small outbreaks is of higher priority as bigger outbreaks might also
be detected using other sources. Therefore algorithms that increase the PODs of small outbreaks and
lead to less than 2 investigations per year are considered applicable. Based on the PODs and the
FPRs and by disregarding the reliability of the algorithms (according to the size of historic data used)
Algorithm 2 is favourable for all the data sets except for normal slaughtered pigs. For this group
Algorithm 3 is of better use. However, taking into account the sample size and the reliability of the
algorithms, Algorithms 1 should be applied for all the data sets (Algorithm 1b for normal slaughtered

pigs).

For normal slaughtered cattle (with an estimated mean incidence rate of ==81.71) Algorithm 1 is
convenient (POD>75%) for outbreaks of sizes bigger than 122% of the average monthly count in the
baseline data. At the same time it leads to far less than two investigation per year. The same applies
to Algorithm 1 for emergency slaughtered cattle (7=185.86) for outbreak sizes bigger than 73% of the
average monthly count in the baseline data. For normal and emergency slaughtered pigs the outbreak
size has to be at least 88% (Algorithm 1b) and 156% (Algorithm 1) of the mean predicted baseline
incidents rate respectively to meet the above mentioned conditions of FPR and POD (z=353.09 for
normal slaughtered pigs and j1=46.15 for emergency slaughtered pigs). The proportion of outbreak
detection for the smallest outbreak size (k=2) with the same algorithms are 11% for normal slaugh-
tered cattle, 20% for emergency slaughtered cattle, 10% (Algorithm 1b) for normal slaughtered pigs
and 12% for emergency slaughtered pigs.
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With thresholds based on the 0.995 quantile (see Appendix) the decrease in POD for small out-
breaks was unconvincing compared to the decrease in FPR. Therefore for outbreak detection using
the mentioned algorithms and the Swiss slaughterhouse data an alpha of 0.025 should be used.

Outlook: A limiting factor of the data was that only the number of wholly condemned carcasses are
reported, which limits the information that can be gained from the data. The picture of condemnation
is only complete if the partially condemned carcasses are included as well. The goal of this study was
to investigate if the available data are adequate for early detection of outbreaks or increasing incidence
rates in order to prevent disease outbreaks or poor handling of production animals. Unfortunately the
data available so far do not provide enough information for early outbreak detection. The problem
of the available data is the deficit in timeliness as the data are collected in a monthly manner. By
using monthly reports the detection of an outbreak will not be as early as possible. Another problem
which is caused by the monthly reports is its resolution. The detection of outbreaks shorter than
one month is possible but it would be earlier as well as more successful and reasonable with weekly
or daily reports. One way to deal with these problems could be to neglect the offset. Currently the
date on which a condemnation happens is available but the total numbers of slaughtered animals are
often only reported at the end of the month. As the offset is of crucial importance it would be more
convenient if the total number of slaughters is reported together with the condemnation counts in a
daily or weekly manner [26].

Besides changing the reporting system, another possibility to improve outbreak detection would be to
investigate the performance of other algorithms. For example the {EarsC} algorithm which is included
in the package {surveillance} could be suitable for outbreak detection in the condemnation rates of
Swiss slaughterhouses. This method only uses very recent data (low amount of historic data) and
thus is suitable for data which does not include seasonal or trend effects but is still influenced by the
previous time points [32]. Another possibility is to apply an approximated version of the { CUMSUM }
algorithm that also accounts for the Poisson distribution of the data [33]. But as a matter of fact
whatever algorithm is used, the problem of early outbreak detection based on monthly data reports
will be faced and cannot be avoided. However Farrington algorithm seems to be really convenient
for outbreak detection especially because there are many options that can be included e.g. trend and
seasonal effects, robustness against outliers and inclusion of an offset.

Recommendation for established use on real data (long-term): Conclusively Farrington
algorithm is suitable for outbreak detection using condemnation data of Swiss slaughterhouses subject
to the condition that the data contains useful information for outbreak detection. Even for monthly
data the proportion of outbreaks detected seems convenient when put in relation to the costs of
investigation that are caused due to false positive alarms. To establish a long-term outbreak detection
system further investigations on both the algorithm and the data are still needed. Especially the
inclusion of small subsets of data for the threshold estimation in algorithms (e.g. Algorithm 2) is
giving cause of concern. However, it is highly recommended to investigate on the possibility to increase
the reporting frequency to at least weekly reports. This would allow the algorithm to be applied in a
much more reliable and effective way especially for early disease outbreak detection.
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9 Appendix

9.1 Appendix: Retrospective Analysis
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trendAR  trendEND seasonAR seasonEND df BIC lambda
1 t0 t0 sO s0 2 684.59 0.26
2 c.e. t0 c.e. s0 1 701.86
3 12010 t0 s0 s0 3 681.28 0.28
4 t0 t0 Xmas sO 3 681.25 0.26
5 10 t0 s0 xXmas 3 682.28 0.26

According Poisson model fits to the top five negative binomial models for normal slaugh-
tered cattle (t0=no trend, t2010=log-linear trend starting in 2010, c.e.=whole autoregressive
component excluded, s0=no seasonality, xmas=effect of December only)

trendAR  trendEND seasonAR seasonEND df BIC lambda
1 t0 t1 s0 s0 3 699.97 0.27
2 j2010 t0 s0 s0 3 705.33 0.25
3 j2010 t1 s0 s0 4 699.42 0.25
4 j2010 j2010 s0 s0 3 707 0.28
5 tl t1 s0 s0 4 70199 0.24

According Poisson model fits to the top five negative binomial models for emergency slaugh-
tered cattle (t0=no trend, tl=log-linear trend, j2010=a shift in the intercept in January
2010, sO=no seasonality)

trendAR trendEND seasonAR seasonEND df BIC lambda
1 ce. t2010 c.e. sl 4 904.36
2 t0 t2010 s0 sl 5 908.62 0
3 12010 t2010 s2 sl 10 847.87 0
4 t0 t2010 sl sl 7 NA NA
5 c.e. t2010 c.e. s2 6  900.2

According Poisson model fits to the top five negative binomial models for normal slaughtered
pigs (t0=no trend, t2010=log-linear trend starting in 2010, c.e.=whole autoregressive compo-
nent excluded, s0=no seasonality, sl=sine-cosine seasonality with 1 harmonic, s2=sine-cosine

seasonality with 2 harmonics)

trendAR  trendEND seasonAR seasonEND df BIC lambda
1 t0 t0 s0 s0 2  563.64 0.28
2 10 t1 s0 s0 3 558.95 0.26
3 tl t0 s0 s0 3 561.74 0.33
4 t0 j2010 s0 s0 3  560.93 0.26
5 t0 t2010 s0 s0 3  563.59 0.27

According Poisson model fits to the top five negative binomial models for emergency slaugh-
tered pigs (t0=no trend, t1=log-linear trend, t2010=log-linear trend starting in 2010, j2010=a

shift in the intercept in January 2010, sO=no seasonality)
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9.2 Appendix: Prospective Analysis

k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 3.9 33.1 1.1 28.6 0.03 0.002 2 3.9 33.1 1.1 25.1 0.12 0.014
3 4.2  49.6 1.0 41.1 0.10 0.002 3 4.2  49.6 1.2 39.8 0.21 0.015
4 4.3  66.5 1.0 553 024 0.001 4 4.3  66.5 1.1 528 032 0.014
5 44 835 1.0 684 042 0.001 5 44 835 1.1 654 041 0.015
6 4.6 99.6 1.0 81.6 0.53 0.001 6 4.6 99.6 1.0 759 0.50 0.015
7 4.7 116.2 1.0 932 0.73 0.002 7 4.7 116.2 1.0 90.1 0.58 0.014
8 4.7 132.6 1.0 105.3 0.84 0.001 8 4.7 132.6 1.0 102.3 0.65 0.015
9 4.9 149.6 1.0 118.2 091 0.001 9 4.9 149.6 1.0 113.0 0.71 0.015
10 4.9 166.3 1.0 1309 095 0.001 10 4.9 166.3 1.0 126.8 0.77 0.014
(a) Algorithm 1 - according to retrospective analysis (b) Algorithm 2 - best POD for small outbreak detection
(b=2, w=6, trend=FALSE, noPeriods=1, (b=3, w=0, trend=FALSE, noPeriods=1,
alpha=0.005) alpha=0.005)
k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 3.9 33.1 1.2 275 012 0.010 2 3.9 33.1 1.1 274 0.11 0.009
3 4.2  49.6 1.0 399 0.27 0.010 3 4.2 49.6 1.0 39.8 0.26 0.009
4 4.3  66.5 1.0 53.6 046 0.007 4 4.3  66.5 1.0  53.8 045 0.007
5 44 835 1.0 658 0.66 0.007 5 44 835 1.0 658 0.66 0.006
6 4.6 99.6 1.0 783 0.78 0.007 6 4.6  99.6 1.0 787 0.80 0.006
7 4.7 116.2 1.0 89.6 0.90 0.007 7 4.7 116.2 1.0 89.5 0.90 0.007
8 4.7 132.6 1.0 102.2 0.93 0.005 8 4.7 132.6 1.0 102.6 0.93 0.005
9 4.9 149.6 1.0 1157 0.96 0.007 9 4.9 149.6 1.0 1159 0.96 0.006
10 49 166.3 0.9 1258 0.97 0.007 10 49 166.3 0.9 126.1 0.97 0.006
(c) Algorithm 1 with pastWeeksNotIncluded=2 (d) Algorithm 1 with trend included
(b=2, w=6, trend=FALSE, noPeriods=1, (b=2, w=6, trend=TRUE, noPeriods=1)
pastWeeksNotIncluded=2)
k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 3.9 33.1 1.2 26,5 0.13 0.013 2 3.9 33.1 1.2 272 0.13 0.010
3 4.2  49.6 1.1 40.2 0.24 0.012 3 4.2 49.6 1.0 399 0.26 0.010
4 4.3  66.5 1.0 523 043 0.012 4 4.3  66.5 1.0  52.8 043 0.009
5 44 835 1.0 64.7 0.56 0.013 5 44 835 1.0 65.7 0.61 0.009
6 46 99.6 1.0 764 0.73 0.012 6 46 99.6 1.0 782 0.76 0.010
7 4.7 116.2 1.0 904 082 0.012 7 4.7 116.2 1.0 90.0 0.88 0.010
8 4.7 132.6 1.0 1029 0.88 0.013 8 4.7 132.6 1.0 102.7 091 0.009
9 4.9 149.6 0.9 1136 0.94 0.011 9 4.9 149.6 1.0 115.1 0.95 0.009
10 4.9 166.3 0.9 1258 0.95 0.013 10 4.9 166.3 1.0 126.9 0.96 0.009
(e) Algorithm 2 with w=1 (f) Algorithm 2 with w=2
(b=3, w=1, trend=FALSE, noPeriods=1) (b=3, w=2, trend=FALSE, noPeriods=1)
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k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 4.1 464 1.1 40.0 0.06 0.002 2 4.1 464 1.1 334 0.30 0.045
3 4.4  69.6 1.0 59.7 0.14 0.002 3 4.4  69.6 1.1 50.5 0.39 0.044
4 4.5 914 1.0 76.8 0.28 0.002 4 4.5 914 1.1 64.0 0.47 0.045
) 4.7 114.9 1.0 94.8 0.49 0.001 5 4.7 114.9 1.1 84.6 0.56 0.041
6 4.8 136.6 1.0 111.7 0.57 0.001 6 4.8 136.6 1.1 99.9 0.63 0.045
7 49 161.7 1.0 130.1 0.77 0.001 7 49 161.7 1.0 117.7 0.70 0.044
8 5.0 185.0 1.0 146.8 0.86 0.001 8 5.0 185.0 0.9 1320 0.77 0.047
9 5.1 207.1 1.0 163.0 0.92 0.001 9 5.1 207.1 0.9 148.0 0.80 0.044
10 5.1  230.8 1.0 181.3 0.95 0.001 10 5.1 230.8 0.9 161.7 0.83 0.043
(a) Algorithm 1 - according to retrospective analysis (b) Algorithm 2 - best POD for small outbreak detection
(b=2, w=6, trend=TRUE, noPeriods=1, (b=3, w=0, trend=FALSE, noPeriods=1,
alpha=0.005) alpha=0.005)
k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 4.1 464 1.1 37.0 0.23 0.015 2 4.1 464 1.1 38.5 0.05 0.004
3 4.4  69.6 1.0 54.9 0.38 0.016 3 4.4  69.6 1.0 57.8 0.09 0.005
4 4.5 914 1.0 71.9 0.53 0.013 4 4.5 914 1.0 76.1 0.16 0.003
5 4.7 114.9 1.0 89.4 0.74 0.010 5 4.7 114.9 1.0 93.1 0.29 0.002
6 4.8 136.6 1.0 106.1 0.84 0.013 6 4.8 136.6 1.0 110.9 0.38 0.003
7 4.9 161.7 1.0 124.9 0.91 0.010 7 49 161.7 1.0 130.4 0.56 0.003
8 5.0 185.0 0.9 139.0 0.95 0.011 8 5.0 185.0 1.0 1479 0.69 0.003
9 5.1 207.1 0.9 1526 0.96 0.009 9 5.1 207.1 1.0 163.3 0.80 0.002
10 5.1  230.8 09 170.8 096 0.010 10 5.1  230.8 1.0 180.6 0.86 0.003
(c) Algorithm 1 with pastWeeksNotIncluded=2 (d) Algorithm 2 with noperiods=11
(b=2, w=6, trend=TRUE, noPeriods=1, (b=3, w=0, trend=TRUE, noPeriods=11)
pastWeeksNotlIncluded=2)
k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 4.1 464 1.1 36.9 0.05 0.004 2 4.1 464 1.0 37.2 0.06 0.003
3 4.4  69.6 1.0 56.9 0.09 0.004 3 4.4  69.6 1.0 60.1 0.11 0.003
4 4.5 914 1.0 73.6 0.17 0.004 4 4.5 914 1.0 76.5 0.21 0.003
5 4.7 114.9 1.0 95.1 0.30 0.003 5 4.7 114.9 1.0 95.6 0.38 0.002
6 4.8 136.6 1.0 111.3 0.39 0.004 6 4.8 136.6 1.0 111.2 0.49 0.003
7 4.9 161.7 1.0 130.8 0.54 0.003 7 4.9 161.7 1.0 131.4 0.64 0.003
8 5.0 185.0 1.0 148.2 0.63 0.003 8 5.0 185.0 1.0 148.1 0.74 0.003
9 5.1 207.1 1.0 165.1 0.72 0.004 9 5.1 207.1 1.0 163.7 0.83 0.003
10 5.1 230.8 1.0 182.1 0.81 0.003 10 5.1 230.8 1.0 181.4 0.88 0.003
(e) Algorithm 2 with w=1 (f) Algorithm 2 with w=2
(b=3, w=1, trend=TRUE, noPeriods=1) (b=3, w=2, trend=TRUE, noPeriods=1)
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k  Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 4.5 884 1.3 69.7 0.08 0.008 2 4.5 88.4 1.0 74.3 0.02 0.001
3 4.8 133.2 1.1 99.1 0.12 0.007 3 4.8 133.2 0.9 106.7 0.06 0.001
4 5.0 176.9 1.1 134.6 0.18 0.008 4 5.0 176.9 1.0 141.6 0.11 0.001
) 5.1 221.8 1.0 169.6 0.28 0.008 ) 5.1 221.8 1.0 1789 0.26 0.001
6 5.3 267.0 1.0 207.4 0.39 0.008 6 5.3 267.0 1.0 218.1 0.41 0.001
7 5.3 311.0 1.0 241.0 0.51 0.007 7 5.3 311.0 1.0 251.5 0.58 0.001
8 5.4 355.8 1.0 273.2 0.61 0.007 8 5.4 355.8 1.0 281.6 0.76 0.000
9 9.9 397.8 1.0 304.1 0.71 0.007 9 9.9 397.8 1.0 314.5 0.87 0.000
10 5.6 4444 1.0 341.2 0.78 0.008 10 5.6 444.4 1.0 347.6 0.91 0.001
(a) Algorithm 1a - according to retrospective analysis (b) Algorithm 1b - according to retrospective analysis
(b=3, w=0, trend=TRUE, noPeriods=1, (b=3, w=1, trend=TRUE, noPeriods=3,
alpha=0.005) alpha=0.005)
k  Dur. Size TTD CUD POD FPR k  Dur. Size TTD CUD POD FPR
2 4.5 884 1.3 61.6 0.49 0.083 2 4.5 884 1.1 70.8 0.12 0.010
3 4.8 133.2 1.2 93.0 0.57 0.082 3 4.8 133.2 1.1 108.8 0.22 0.009
4 5.0 176.9 1.1 1234 0.67 0.083 4 5.0 176.9 1.0 141.7 0.34 0.008
) 5.1 221.8 1.0 150.8 0.74 0.082 ) 5.1 221.8 1.0 1777 0.53 0.007
6 5.3 267.0 1.0 181.5 0.80 0.080 6 5.3  267.0 1.0 210.7 0.66 0.007
7 5.3 311.0 1.0 211.7 0.83 0.078 7 5.3 311.0 1.0 242.5 0.78 0.006
8 5.4 355.8 0.9 241.7 0.89 0.081 8 5.4 355.8 1.0 275.2 0.88 0.005
9 5.5 397.8 0.9 267.0 0.92 0.080 9 5.5 397.8 1.0 300.0 0.94 0.005
10 5.6 444.4 09 2864 093 0.084 10 5.6 444.4 1.0 338.2 0.94 0.005
(c) Algorithm 2 - season only (d) Algorithm 3 - trend only
best POD for small outbreak detection Increased POD for small outbreak detection
(b=3, w=0, trend=FALSE, noPeriods=1), (b=2, w=6, trend=FALSE, noPeriods=1,
alpha=0.005 alpha=0.005)
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k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 3.6 206 1.0 196 0.04 0.002 2 3.6 206 1.2 178 0.10 0.010
3 3.9 313 1.0 282 0.11 0.001 3 3.9 313 1.3 271 0.18 0.009
4 4.0 411 1.0 35.7 0.21 0.001 4 4.0 411 1.1 33.6 0.22 0.010
) 4.2  51.2 1.0 439 0.36 0.001 5 4.2  51.2 1.0 412 0.36 0.010
6 4.3 619 1.0 515 0.52 0.001 6 4.3 619 1.0 478 0.42 0.011
7 44 72.0 1.0 58.6 0.67 0.001 7 44 72.0 1.0 56.6 0.52 0.010
8 4.5 829 1.0 66.6 0.80 0.001 8 4.5 829 1.0 654 0.64 0.010
9 4.5 927 1.0 744 0.85 0.001 9 4.5 927 1.0 722 0.66 0.011
10 4.6 102.7 1.0 81.0 0.92 0.001 10 4.6 102.7 1.0 799 0.72 0.009
(a) Algorithm 1 - according to retrospective analysis (b) Algorithm 2 - best POD for small outbreak detection
(b=2, w=6, trend=FALSE, noPeriods=1, (b=3, w=0, trend=FALSE, noPeriods=1,
alpha=0.005) alpha=0.005)
k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 3.6 206 1.1 177 0.14 0.011 2 3.6 206 1.0 178 0.12 0.010
3 3.9 313 1.0 265 0.28 0.011 3 3.9 313 1.0 269 0.28 0.009
4 4.0 411 1.0 33.9 042 0.008 4 4.0 411 1.0 33.8 0.42 0.007
5 4.2 51.2 1.0 41.6 0.60 0.008 5 4.2  51.2 1.0 419 0.60 0.007
6 4.3 619 1.0 490 0.74 0.008 6 4.3 619 1.0 493 0.74 0.006
7 44 72.0 1.0 56.1 0.84 0.008 7 44 72.0 1.0 56.1 0.85 0.006
8 4.5 829 1.0 645 0.89 0.008 8 4.5 829 1.0 649 0.89 0.007
9 4.5 927 1.0 711 0.92 0.008 9 4.5 927 1.0 711 0.92 0.006
10 4.6 102.7 1.0 7vr4 096 0.007 10 4.6 102.7 1.0 78.0 0.96 0.005
(c) Algorithm 1 with pastWeeksNotIncluded=2 (d) Algorithm 1 with trend included
(b=2, w=6, trend=FALSE, noPeriods=1, (b=2, w=6, trend=TRUE, noPeriods=1)
pastWeeksNotlIncluded=2)
k Dur. Size TTD CUD POD FPR k Dur. Size TTD CUD POD FPR
2 3.6 206 1.1 171 0.13 0.012 2 3.6 206 1.0 16.6 0.12 0.011
3 3.9 313 1.0 271 0.26 0.010 3 3.9 313 1.0 26.8 0.27 0.009
4 4.0 41.1 1.0 33.6 0.36 0.011 4 4.0 411 1.0 339 0.40 0.010
5 4.2 512 1.0 414 0.54 0.011 5 4.2 51.2 1.0 415 0.57 0.009
6 4.3 619 1.0 48.8 0.67 0.011 6 4.3 619 1.0 488 0.71 0.010
7 4.4 720 1.0 56.2 0.79 0.011 7 44 72.0 1.0  55.7 0.83 0.009
8 4.5 829 1.0 644 0.85 0.010 8 4.5 829 1.0 63.8 0.89 0.008
9 4.5 927 1.0 718 0.89 0.012 9 4.5 927 1.0 717 0.92 0.010
10 4.6 102.7 1.0 78.0 0.93 0.011 10 4.6 102.7 1.0 77.8 0.96 0.008
(e) Algorithm 2 with w=1 (f) Algorithm 2 with w=2
(b=3, w=1, trend=FALSE, noPeriods=1) (b=3, w=2, trend=FALSE, noPeriods=1)
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Abstract

Syndromic surveillance of animal health aims to minimise the spread of epi-
demic disease among livestock. This thesis contributes to this field of academic
inquiry by presenting an analysis of pig mortality in the Swiss Cantons of Bern,
Aargau, Solothurn and Basel-Land. To this end, data from a rendering plant
will be used to give an overview of the base situation, and a plausible stochastic
model based on the Poisson distribution will be fitted to further describe it.
Under the assumption that this provides us with an epidemic-free baseline, a
scheme for the detection of unusually increased mortality rates will be developed
and presented. Finally the effectiveness of this monitoring tool will be tested on
data from simulated outbreaks of the contagious Classical Swine Fever (CSF)

disease.





Introduction

Much like the rest of Western Europe, Switzerland provides its habitants with
meat and meat products via large-scale cattle farming. To meet the increasing
demands, larger farms with higher numbers of animals become the norm. As
the meat production process includes different stages from the birth of the ani-
mal until its slaughter, most farms are specialised to keep animals only during
particular stages, before sending them on to another farm for the next stage of
the animal’s life. This leads to increased movement of animals and a greater
number of contacts both among the animals themselves as well as with humans,
including for instance van drivers and veterinarians. Alltogether, the risk of the
spread of infectious disease is thus heightened.

Any such outbreak may lead to serious economic repercussions and loss of
both animals and income. To lessen the impact it is therefore imperative to
minimise time until disease detection and improve the control of animal health
in general. With this goal the field of syndromic surveillance developed. Orig-
inally grown out of concern for systematic surveillance of human health, the
field has come to encompass animal health too. For both types of population,
quantitative health data provide the basis from which epidemic outbreak can
be studied, since “syndromic surveillance is based not on laboratory-confirmed
diagnosis, but on non-specific clinical signs, symptoms and proxy measures for
health” (Triple-S [1]). Statistical tools can then be applied to improve under-
standing and predict future spread within specified populations.

Though a sizeable body of work has grown around cattle, pig populations





have remained more of a blind spot in the literature. Likewise, the data avail-
able for the analysis of non-slaughter pig mortality is more circumstantial and
indirect as for cattle. We therefore present here the development of a statistical
methodology for analysing rendering data of pigs for early signs of epidemic dis-
ease. To do so, we assume that the nature of pig mortality is that of a stochastic
point process and that, given appropriate data, statistical modelling can pro-
vide a useful and reliable representation of this stochastic reality. Specifically,
we propose a Poisson point process based on such rendering data to obtain a
baseline model of pig mortality in selected cantons. From here we investigate
how rendering data could help us with syndromic surveillance of pigs by estab-

lishing a detection scheme based on the Poisson distribution.

Pig farming in Switzerland

Pig production is one of the most important sectors of Swiss agriculture. Indeed,
in total more than 1.5 million pigs are kept at over 9000 premises in Switzer-
land today. Nevertheless, compared to other European countries, Switzerland
constitutes a rather low density pig-land: the number of pig-farms is limited,
partially due to geographical limitations, and their scale is mostly more modest
than the average farms of for instance The Netherlands or Denmark (Michel and
Windhorst, 2003, in Diirr, zu Dohna, Di Labio, Carpenter and Doherr, 2013).
In 2012 Switzerland averaged just over 0.2 pig farms per km? and 37 animals per
km? (Bundesamt fiir Statistik [BFS], 2014). By law, the maximum permissible
number of animals at any premise is 1500, but about half the pigs live on farms
with less than 50 animals. However, there is a trend of increasing herd size, at
the cost of reducing farm numbers (BFS, 2011).

Within Switzerland the majority of premises are concentrated in only a hand-
ful cantons, notably Canton Luzern and Canton Bern, and to a lesser extent also
Canton Thurgau, Canton Aargau and Canton St. Gallen. In Canton Luzern
for instance, premise density is heightened to about 1.62 farms and 279 animals

per km?, as almost a third of all Swiss pigs are located there (BFS, 2014).





Of all these pigs, most are destined for meat and are sent to slaughter when
they weigh around 100kg, which occurs typically when they are between 5 and
7 months old. In addition, some sows are kept for producing piglets and some
boars for semen. Breeding sows farrow about 20 piglets per year or more and
are typically kept for three to four years.

The farms themselves tend to be specialised too. Some are exclusively con-
cerned with breading and keep therefore only breeding sows and the weaning
piglets on their premises; many devote themselves just to (certain stages of) the
fattening process; others again may be mixed farms.

This stratification of pig farming as practiced in Switzerland makes it nec-
essary for a lot of transport to take place between the different premises. The
piglets are born in a farm with mothering sows where they are weaned for a
while. Then they stay on for a while at a piglets’ premise. As they grow bigger
they are moved on to a fattening farm, sometimes passing through various farms
as they grow, before being finally brought to slaughter, or returned to a farm

to produce piglets themselves.

Epidemic disease and early detection

All forms of intensive animal farming face the risk of an outbreak of a contagious
disease. When an epidemic occurs, there can be far-reaching consequences since
“even if the number of outbreaks remains limited, the type of control measures
taken results in a large number of farms affected” (Meuwissen, van Asseldonk,
Skees and Huirne, 2006). Such measures may include large scale vaccination,
movement control and forced destruction of herds in order to control the situ-
ation, with the accompanying loss of income and set-backs in trade amounting
to huge numbers.

Among pigs, the contagious diseases the most common are Classical Swine
Fever (CSF), African Swine Fever (ASF), Foot and Mouth Disease (FMD) and
Swine Vesicular Disease (SVD). None of these diseases have recently been de-

tected among Swiss pigs, but they do occur sporadically elsewhere in Europe





and may also be carried across borders by wild swine. The most recent (minor)
outbreaks of pig epidemics were of CSF throughout Europe in 2006 and of FMD
in England in 2007. Major outbreaks of CSF occurred in the Netherlands in
1997 and in England in 2000, both times causing enormous monetary losses and
led to the culling of millions of pigs (Office International des Epizooties [OIE],
2011).

Given the potential of such large-scale losses, there is a national interest, ad-
vocated in Switzerland by the Bundesamt fiir Lebensmittelsicherheit und Veter-
indrwesen (BLV), in the development of an early detection system of contagious
diseases among livestock, including pigs. Such a system of syndromic surveil-
lance would monitor the general health and well-being of the livestock popula-
tion by scanning incoming data for signs of deteriorating health and raising an
alarm when too much disturbance is being picked up, thus allowing for timely
action to be taken and any outbreak to be controlled as early as possible. In
contrast to traditional surveillance of health data, "syndromic surveillance sys-
tems actively search for evidence of possible outbreaks well before there is any
suspicion of an outbreak” (Fricker, 2013).

For this type of scanning good data sources are a stringent pre-requisite.
High quality data that objectively reflect pig mortality would allow the con-
struction of an adequate model, supposed to represent the actual process. How-
ever, this immediately poses difficulties as there are limited sources of readily
available, real-time, measurable health indicators for pigs. Instead, proxy mea-
sures have to be used, even though such data may not be primarily collected
for biosurveillance purposes. For example, Alton, Pearl, Bateman, McNab and
Berke (2013) note that ”[data from] abattoirs are considered to give an appro-
priate approximation of the disease rates among locally slaughtered cattle”. For
mortality however, abattoir data cannot provide a proxy. Instead, Switzerland
has a national database of non-slaughter cattle mortality, but this does not in-
clude pigs. So we have to look for other ways to generate information on the

health status of the Swiss pig population.





Analysing rendering data

Potentially useful sources for syndromic surveillance constitute databases pro-
vided by rendering firms. These firms are responsible for picking up and depos-
ing of deceased animals - so those that have died before being send to slaughter,
often due to illness. Since farmers are usually not allowed to get rid of such
carcasses themselves, they have to bring them to designated depots or send
for a contractor to do so. Required paperwork provides additional information
about the death of the animal, as well as descriptives such as time and place.
Gathered over a long period of time, such data can generate a baseline of an
area’s animal health situation. Though we thus truly model carcass collection
rates, the extrapolation to non-slaughter pig mortality seems judicious. So when
heightened mortality does occur - due to an epidemic or otherwise - it may be
more speedily noticed as resulting carcass counts stand out against the expected
pattern in carcass collection.

This then, is what the following chapters are concerned with: first, through
exploration of the available rendering data for pigs we develop a base model of
pig mortality in the selected Swiss cantons. For this the Poisson point process
and its characteristics will be used. Second, we investigate how such data may
be evaluated with an appropriate syndromic surveillance system and if, under
the event of a simulated outbreak of CSF, the influx of mortality gets detected
by the proposed method. All analyses have been performed with the R software
(R Core Team, 2013), making particular use of the spatstat (Baddeley and
Turner, 2005) and STPP packages (Gabriel, Diggle and Rowlingson, 2014), while
simulations of classical swine fever were run using the Davis Animal Disease

Simulation model (Bates, Thurmond and Carpenter, 2003; Diirr et al., 2013).





Chapter 1

Swiss pigs: a Poisson

population?

1.1 Introduction

To be able to notice when something goes amiss among the Swiss pig population,
having a good overview of its everyday health status is a pre-requisite. So
to further the investigation into the mortality of pigs in Switzerland, we will
present an analysis of rendering data to provide such a baseline model. Given
a long historical prevalence of modelling mortality data with Poisson random
variables, here too this distribution will be introduced as an appropriate choice
for the carcass collection rates. Furthermore, we will introduce and apply a wide
variety of tools to describe the different spatio-temporal patterns at work. Some
will consider time and/or space as categorical covariates, using for instance the
separate cantons for area-level research. Others use a more continuous spacetime
approach, making particular use of the recent developments in spatio-temporal

point process analysis.





1.2 Materials and methods

1.2.1 Data and distribution
Rendering data

Within the four Cantons of Bern, Aargau, Solothurn and Basel-Land (BE, AG,
SO and BL; Figure 1.1), one rendering firm, Centravo, is responsible for all on-
site animal carcass removal. They are available every day of the week, at any
time and at any location (Centravo). Once a phone call from a farmer has been
received, a van will go out (usually within 24 hours) to collect the carcass and
return it to a central container, where it will be weighted, before a full container
is driven to the final location where the rendering takes place (Struchen, pers.
comm.). The cause of death of the animal need not be specified.

The data provided by Centravo state the date and place of collection, the
type of pig, its weight and its ID number. Though rendering data are a proxy
for mortality data, death and collection may occur on subsequent dates. With
regards to pig type, only fattening pigs and breeding sows were retained, ex-
cluding all piglets. Since piglets weigh less than 200kg, they are typically not
collected by Centravo, so they were very uncommon in the database. Total
counts per type and per canton are presented in Table 1.1. Overall, Centravo
collected 819 pig carcasses between 03 January 2009 and 29 December 2012 in
the four cantons (Figure 1.2). Carcasses were collected, on average, every other
day. On days of collection, typically one or two carcasses were picked-up, but

never more than seven (Figure 1.3).





Figure 1.1: The combined area of the Cantons of Bern, Aargau, Solothurn and

Basel-Land
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Figure 1.2: Cases in the four study cantons, over time (small, light-coloured

crosses correspond to older cases; dark, larger ones represent more recent cases)





Table 1.1: Total

counts by type and canton

Number of collected pigs

by type:

Fattening pigs 294

Breeding sows 523

per canton:

Bern 564

Aargau 112

Solothurn 112

Basel-Land 31
—/

]

2 3 4 5 7

number of collected pigs

Figure 1.3: Frequencies of carcass counts





A Poisson population

From a statistician’s point of view, each pig in the population represents a
Bernoulli random variable with a success outcome if pig i is collected by Cen-
travo:

yi ~ Bern(m;),

with success probability
m=Plyy=1)=1-Py; =0) << 1

specific to pig ¢. Since this holds for each pig in the population, we can use
that a sum of independent Bernouilli variables with very small success probabil-
ities is approximately Poisson distributed, which can be shown using a coupling
technique (Diimbgen, 2003).

To do so, consider a measure space ({2,8,4) where for any subset B € B
the measure A(B) is finite. Let (X(B))gen be a non-negative integer valued
stochastic process on ({2,B), so that for By, By € B disjoint, X (B1), X (B2) are
independent. Then we may define X as a Poisson process with intensity measure
A: X(B) ~ Pois(A(B)).

A useful characteristic of independent Poisson processes is that their sum-
mation again results in a Poisson process, with for its intensity measure the
sum of the separate measures. Therefore, we may rewrite X (B) as a random
“ P, with N and Y;
independent and A = A - P, then X(B) = va:l 1jy,ep) defines again a Poisson

sum of random variables: let N ~ Pois(\) and Y7,Ys, ...

process (whereby in case of N =0 we set X (B) :=0).

Now we may specify this set-up to meet our needs. For this consider as our
set of interest ) := Y U {yo} with Y = (T x A) a certain time interval and
spatial area, either in continuous spacetime or days and cantons. Furthermore,
let n be the total number of pigs alive at the beginning of time interval 7T, and,
as before, m; their probability of dying during this period. Then the elements of
Y > (T3, 4;) are the possible spatio-temporal coordinates of the non-slaughter

death of pig i, while y., stands for the non-death of 3.
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Thus X on (Y, B) is a count variable of the number of pigs dying in certain

spatio-temporal intervals: for J C 7 and A C A,

n

X(JA) =Y Xi(J,A) = 1ix,erxa-
=1

i=1

Now we may couple this random variable with a Poisson process X, whose
intensity measure is defined by A := 37" | m; - L(T}, A;|T; # 00). If we consider
just pig 4, let N; := 1{pig ¢ dies} € {0, 1} be the indicator function for pig ¢ with
success probability ;. Then imagine that infinitely many independent copies of
this pig exist, whereby Ny 3 N; ~ Pois(m;) so that the number of copies which
die may be modelled by X’i(J, A) = Z;\Ll 1{copy j died in J x A}. Now we
pair up N; with N; for i € (1,...,n), so that

so that

P(Nl 7é NZ) = 771'(1 —e_m) < 7T2.

3

Then when we sum over all pigs and thus couple our count X = > " | X,

with the Poisson process
X =(D_Xi) ~ Pois(A =) i L(T;, AilT; # 00))
i=1 i=1

we can be certain that the difference is bounded from above by

Given that over a total period of 1457 days throughout the four cantons just
819 pigs out of approximately 414,000 (the size of the pig population within

all four cantons [BFS, 2014]) were collected, an overall estimate for = would

11





be & = 819/(1457 % 414000) =~ 0.00000136. This is sufficiently small for the
approximation of the count with the Poisson process to be justifiable. So,
under the assumption that Switzerland is epidemic-free, and in keeping with
mortality data in general, a generalisation can be made that carcass counts
can be modelled by Poisson distributed random variables, whereby an esti-
mate of intensity parameter A would be the maximum likelihood estimator
Ase = X = 819/1457 = 0.56.

An important characteristic of a Poisson random variable X, is that its

expected value equals its variance,
p=E[X]=Var(X) =02

and hence the dispersion coefficient D equals 1: D = LA % =1.

14

However, the rendering data show an average of X = 0.56 whereas s? =

0.72 and hence D = 1.29 > 1, suggesting that the data are overdispersed.
This is a problem often encountered for empirical count data supposed to be
Poisson. Since a Poisson distribution has only one parameter, any variability
in 4 (often due to unmeasured factors as well as subject heterogeneity [Agresti,
2013]) cannot be accounted for. As a solution, a negative binomial distribution
can be used. A variable Y with such a distribution can be seen as a Poisson
distributed variable Y (\) ~ Pois()), whereby parameter A is itself considered a
random variable with a gamma distribution with its own hyperparameters, A ~
Gamma(k,8). In practice, modelling data according to a Poisson distribution
when a negative binomial would have been more appropriate, leads mostly to
consistent parameter estimation but incorrect standard errors, though more

severe distortions are possible (Agresti, 2013).

A Poisson point process

The data provide a set of countable, presumably independent, Poisson dis-
tributed cases contained within the area of the four cantons and a time span
of roughly four years, so we can define it more specifically as a spatio-temporal

Poisson Point Process (PPP). A PPP consists of a set of points, also called
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‘events’ or ’cases’; Y = {y1,y2,...yn}, which are located inside a predefined
space. Furthermore, let X(V) = Ef\il 1,, be the counting measure of the
events Y, so that X := X(Y') a Poisson distributed random variable is.
According to Illian, Penttinen, Stoyan and Stoyan (2008): ”[t]he aim of point
process statistics is to analyse the geometrical structure of patterns formed by
objects that are distributed randomly in one-, two- or three-dimensional space”.
Hence, at its most basic, a spatio-temporal PPP would show a uniform distri-
bution including only independent events that are spread out homogeneously
over time and space. Under such a model there ought to be no spatial variation

visible in the points, nor time related clusters, instead showcasing Complete

Spatial and Temporal Randomness (CSTR). This would mean that

e X, the number of events located within a certain region, is proportional
to the size of said region (Complete Spatial Randomness [CSR]):
— For a standard unit of time and space: X ~ Pois()\)
— For a standard unit of time and an area A of size |A|:

X ~ Pois(A-|A|)

e During a certain period, the number of events X is proportional to the
duration of said period (Complete Temporal Randomness [CTR]):
— For a standard unit of time and space: X ~ Pois()\)
— For a standard unit of space and a period B of duration b:

X ~ Pois(A-b)

e The number of events X is proportional to the space and timespan over

which it is counted (CSTR):

— For a standard unit of time and space: X ~ Pois(\)

— For an area A of size |A| and a period B of duration b:

X ~ Pois(A-|A x b))

13





e For disjoint spacetime intervals Iy, Is, ..., I, the number of events within

each interval, X1, Xo,..., X, is an independent random variable.

From this follows directly that under CSTR intensity A equals the mean
number of events per base unit of time and space. It does not vary over time
and space and there are no interactions between events. A sensible estimator
for A would therefore be the number of observations per standard unit of time
and space: A = N/|A x b|.

Even though CSTR may be rejected for a particular process, other structures
may still be present. Some characteristics to look for are stationarity in space
and/or time (invariance under translation), spatial isotropy (invariance under
rotation, absence of directional effects) and temporal reversibility (absence of
directional effects: retrospective = prospective). These conditions impose fewer
restrictions than CSTR, and once accounted for the data might resemble a
uniform spatio-temporal PPP after all.

So given that CSTR, does not hold, let A(u,v) be the intensity function with
varying values of intensity dependent on spacetime location (u,v). Regularity

within the data may take the form of:

e spatial stationarity, if A(u,v) = A(u + d,v) for a particular distance d.
e temporal stationarity, if A(u,v) = A(u, v +t) for particular time interval ¢.
e spatial isotropy, if A(u,v) = A(u + r,v) for a particular rotation r.

e temporal reversibility, if A(u,v +t) = A(u,v — t) for a particular time

interval t.

Finally, in a true PPP the probability of having more than one point in
exactly the same place is virtually zero. Yet because the pigs live together on
farms, whose coordinates provide the location of a collected pig, in our data there
will be multiple events at the exact same location. So to avoid any computational
issues due to this, a little jitter has been added to the longitude and latitude of

every case.
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1.2.2 Testing for complete randomness
Spatial randomness of carcass collection

Whether there is a difference between cantonal rates of carcass collection can
be checked by exchanging a null model with a uniform intensity Ag > 0 for
a more complex model including canton dependent, non-negative intensities
ABE, Mg, Aso and Apr. Thus we obtain a baseline spatial model where space
is treated as a categorical covariate. Since the cantons do not overlap, we can
use the PPP characteristic that disjoint spaces have independent counts. Hence
cantonal collection counts are independent variables with a daily expectation
equal to Acgnton, rather than \g. When we furthermore take the size of the
cantons into account, standardised cantonal intensities and their confidence in-
tervals allow for a clearer comparison of relative collection rates.

Instead of the categorical approach to the region, where area A = {BE U
AG U SO U BL}, we may also consider A as a continuous, two dimensional en-
tity wherein events are placed through their longitude and latitude coordinates.
Then, fitting a Poisson point process would return a non-negative intensity func-
tion A(u) dependent on location u € A C R2. If complete spatial randomness
holds, A(u) would be a homogenous function and could be reduced to a con-
stant A(u) = A. If not, an inhomogenous intensity function A(u) with a finite

expectation would be obtained, so that

E[X 4] :/A)\(u)du

is satisfied. To estimate this intensity function a kernel estimator provides
a smoothed approximation, such as implemented in the R-package spatstat
(Baddeley and Turner, 2005), using the optimal bandwidth obtained by cross
validation.

Finally, a more numerical method to test CSR is quadrat counting, which is
also included in spatstat. Here the region is sliced into subregions ("quadrats’)
and the number of collected carcasses per quadrat counted. Under CSR, quadrat

counts would be independent, identically distributed Poisson variables. Hence

15





the expected quadrat counts follow directly from the Poisson distribution and
can then be compared to the observed counts. The differences between these
are assessed using the x? distribution and a p-value arrived at. If the differences
are substantial enough a small p-value would be obtained, suggesting that CSR

does not hold for this dataset.

Temporal randomness of pig mortality

To check for complete temporal randomness a good starting point is to look
at the linearity of the cumulative sum of cases. In the absence of temporal
dependencies cases should accumulate at a stable rate over time, whereas a
departure from CTR may be suggested by convex or concave curves, or other
irregularities.

The literature warns that "biosurveillance data are often non-stationary with
seasonal and other effects” (Woodall, Brooke Marshall, Joner, Fraker and Abdel-
Salam, 2008) and previous studies on livestock mortality data found for instance
the so-called Day-of-the-Week (DOW) effect (e.g. Struchen, Reist, Zinsstag and
Vial, 2014). So the absence of visible irregularities over a four year period may
hide the fact that on a weekly basis there are fluctuations in carcass collection
rates that need to be accounted for. We test for the DOW-effect by fitting
both a Poisson loglinear Generalised Linear Model (GLM) as well as a negative
binomial loglinear GLM and performing diagnostic tests. For both the Poisson

and the negative binomial loglinear GLM the null model
Ho : Ao = exp(p)
is contrasted against the alternative model
Hy : Mdow) = exp(pt + Bdow)-

Spatio-temporal randomness of pig mortality

In the spatio-temporal analysis of data, we may start by considering space and

time both as categorical covariates, so space per canton and time by day of the
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week, and specify an intensity rate per cross-category. With this setup we build

a Poisson Loglinear Model, so that the intensity satisfies

>\c,d = exp(ﬂ + Qeanton + Bdow)'

We check if these intensities provide an improved estimation in carcass collec-
tion by comparing the expected and observed counts for each of the 28 cross-
categories. The resulting test statistic can then be compared to an appropriate

x? distribution and thus a p-value obtained. Let

Z(C, d) = Z Xi,j

(Ci’Di):(C7d)
denote the sum of pigs collected within canton ¢ € { BE, AG, SO, BL} on every
day d € {Mon,Tue,...,Sun}, so that

Z(c,d) ~ Pois(Ac,d)-

Because over all Mondays, Tuesdays, and so forth is being summed, the estimate
of A q represents the expected number of carcasses to accumulate over four years
worth of (Mon, . .., Sun)days: 5\c7d = Wd-ezp(,&—kdc—!—ﬁd), whereby the number
of weeks a particular weekday was observed W, = 209 for Saturdays and 208
for all other days.

Now we may compare the observed count to the expected count and define

the following test statistic:
2
? ~ X18»

which has 18 degrees of freedom due to 10 parameters being estimated (6 days,
3 cantons and 1 baseline category) and 28 sums (7 days X 4 cantons) being
compared.

However, when we define spacetime in a continous way, we need to look for
other methods of analysis. As Diggle (2014) notes: "spatial and temporal units of
measurement are fundamentally incompatible” and hence require statistical tools

taking both adequately into account. So rather than expanding the previously
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used techniques such as quadrat counts and cumulative sums to allow for the
inclusion of a spatial or temporal covariate, a new set of measures is introduced.
The R-package Spatio-Temporal Point Pattern (stpp) developed by Gabriel,
Diggle and Rowlingson (2014) provides such conjoined measures of complete
spatio-temporal randomness.

To analyse the carcass collection data two functions in particular can be
utilised, namely the spacetime inhomogeneous pair correlation function (PCF)
and a variation thereof: the spacetime inhomogeneous K-function (STIK).
These functions provide tools to measure clustering and interaction by check-
ing for dependencies in spacetime using the joint expectation of the number of
pigs picked-up per standardised spacetime unit. More particularly, the PCF is

defined as

oot o) = SR

with A the first order spatio-temporal intensity function and Ay the second-order

joint intensity function:
A i ti) = 1 T a7 (>
(@i, t3) dmfé?wo{ \dz;[[dt;]

A i7ti 3 ’at’ = 1 - L
2((@ir 1), (25 15)) |dmi,|dti|,1c{§cl_7|,|dtj|—>0{ |dz; ||dt;||dz; || dE; ]

If the PPP is stationary for both its spatial and temporal aspect, spatially

isotropic and temporally reversible, then the PCF reduces to

9((zi, ta), (x5, t5)) = g(u,v) = m

taking only into account u = ||z; — x|, measure of distance and v = |t; — tj],
measure of time, irrespective of the actual spacetime locations under considera-
tion. This would of course apply to a base model with complete spatio-temporal
randomness.

The spacetime inhomogeneous K-function makes use of the PCF function.

It is defined as

K(u,v):27r/ / g(z, t)xdxdt.
o Jo

18





For regularity to hold we would expect K (u,v) to remain smaller than ru?v,

our unit spacetime interval. In addition, if CSTR holds and \g does apply to

all places and time intervals, this function simplifies to
K (u,v) = \y 'E[Xo(u, v)]

a more intuitive formula presenting a standardisation of E[X((u,v)], the ex-

pected number of events to occur within distance v and time v.

1.3 Results

1.3.1 Spatial tests

As the data are restricted to the Cantons of Bern, Aargau, Solothurn and Basel-
Land, we have a very irregularly shaped area within which manifestations of our
point process can be observed. In addition, the mountainous landscape of the
Alps and Jura provide a geographical restriction to the location of pig farms
so that geographical patterns are to be expected, irrespective of any epidemic
taking place.

Cantonal averages of daily carcass collection rates provide maximum like-
lihood estimators for A per canton (Table 1.2). Because the cantons are very
dissimilar in size and surface area, a standardised estimate per 1000km? is also
presented, as well as its 95% confidence interval. From these results the Canton
of Solothurn appears to have a markedly elevated collection rate in comparison
to the other cantons, whose confidence intervals do not overlap with that of
Solothurn. Also noticeable is how the Canton of Bern dominates the others in
its contribution to the general rates for all four cantons combined. It provides
the bulk of the non-standardised daily rate and matches exactly on the stan-
dardised one. This is of course unsurprising given that almost 70% of the total
area belongs to the Canton of Bern.

When the cantonal boundaries are disregarded and space is treated just in

terms of longitude and latitude coordinates, different methods can be applied to
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Table 1.2: Daily intensities for each canton

Canton Acanton  Acanton(per1000km?) ~ Confidence Interval
Bern 0.387 0.065 (0.059, 0.071)
Aargau 0.077 0.055 (0.044, 0.066)
Solothurn 0.077  0.097 (0.077, 0.117)
Basel-Land 0.021 0.041 (0.027, 0.055)

all four cantons 0.562 0.065 (0, 0.257)

investigate spatial variation in carcass collection. Kernel smoothing provided us
with such a method by estimating the intensity function A(u). For each year of
collection data the kernel density is presented and as expected, the mountaineous
regions are starkly contrasted with the flatter ones (Figure 1.4).

Given these strong indicators of geographical variation we would reject com-
plete spatial randomness. We may also already observe that over the years only
little variation is noticeable.

Finally, to apply the technique of quadrat counting, the four cantons are
sliced into 26 subregions (’quadrats’), within which the comparison between
expected and observed counts takes place (Figure 1.5). With this technique,
CSR gets significantly rejected as too many quadrats show (highly) deviant
behaviour, some having too few, others too many cases for complete spatial

randomness to remain plausible.
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Figure 1.4: Kernel intensity estimates of annual carcass collection for successive

years 2009-2012.

Figure 1.5: Quadrats with observed counts in top left corner, expected counts

in the top right corner and Pearson residuals at the bottom.
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Figure 1.6: The cumulative sum of collected pigs (black) and a fitted regression

line (green).

1.3.2 Temporal tests

During the four years of measurement no epidemic was detected amongst Swiss
pigs. Indeed, the four annual density plots from Figure 1.4 already hinted at
a stable situation, with just a slight increase in expected intensities during this
time. This reflected the minor upwards trend of about 13 additional pigs being
collected by Centravo per year.

Another visual way of verifying that no phase of heightened mortality oc-
curred, is by considering the cumulative sum of collected carcasses over time
(Figure 1.6). The plot shows a reasonably straight line, representing a rather
uniform rate of collection, which is in keeping with the absence of epidemic
disease. When a straight line gets fitted to it, the slope parameter has value
0.56, equal to the base intensity. Had an epidemic occurred however, we would
have expected to observe an S-shape in the graph, reflecting a sudden increase
of carcass collection at a certain point in time, before returning to the base rate
(Gabriel, Rowlingson and Diggle, 2013).

Over long periods of time we thus see a homogeneous temporal PPP, however
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when observed day by day it appears that a 'day-of-the-week’ effect does occur:
weekends have much lower rates of carcass collection then weekdays, whereas
during the week especially Mondays have a heightened rate (Table 1.3). When
considering the intensities individually, all days have rates which turn out to be
significantly different from the base rate (here taken to be Monday’s rate). To

test the significance of this DOW effect in general, we compare the null model
Hy : Ao = exp(p)

against

Ha : Mdow) = exp(p + Baow)

applying both a Poisson as well as a negative binomial loglinear GLM, to account
for the overdispersion in the data.

Though overdispersion in count data may render the fitting of a Poisson
model inappropriate, this is not the case for the pig collection data (Table 1.3).
Both the Poisson as well as the negative binomial model select the same covariate
values and their standard errors are equivalent up to a factor of 0.01. Also
their deviance values are about one hundred below (negative binomial) and
above (Poisson) the residual degrees of freedom. This describes a reasonable
fit of both models, though a preference for the negative binomial GLM. The
same conclusion is suggested by the related goodness-of-fit measures provided
by the Log-Likelihood and Akaike Information Criterion. Both show very small
differences between the models, are in favour of the negative binomial model,
but overall do not provide a strong enough reason to reject the Poisson model.

The presence of this DOW effect can be explained by the higher costs charged
by Centravo for pick-ups made on the weekend, providing a economic incentive
for the farmers to retain their dead animals on their farms a little longer. On
the other hand, Centravo may itself have fewer vans and drivers available during
weekends or for other reasons may wish to spread out collection times affecting

these fluctuations.
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Table 1.3: Regression results: daily intensities for all four cantons together

Dependent variable:

Carcass Collection Count

negative binomial Poisson

1=+ Bdow 1+ Bdow Adow = et o

Mon —0.024 —0.024 0.976
(0.080) (0.070)

Tue —0.525*** —0.525*** 0.592
(0.098) (0.090)

Wed —0.525*** —0.525%** 0.592
(0.098) (0.090)

Thu —0.542*** —0.542*** 0.582
(0.099) (0.091)

Fri —0.501*** —0.501*** 0.606
(0.097) (0.089)

Sat —0.821*** —0.821*** 0.440
(0.111) (0.104)

Sun —1.904*** —1.904*** 0.149
(0.184) (0.180)

Log Likelihood -1,417.727 -1,426.478

Deviance

Akaike Inf. Crit.

1356.6 (1450 dof)

2,849.454

1584.2 (1450 dof)

2,866.956

Note:

*p<0.1; **p<0.05; **p<0.01





Table 1.4: Intensities for each canton per day of the week: A. 4.

Day of the week Bern Aargau & Solothurn Basel-Land
Monday 0.672 0.133 0.037
Tuesday 0.407 0.081 0.022
‘Wednesday 0.407 0.081 0.022
Thursday 0.401 0.080 0.022
Friday 0.417 0.083 0.023
Saturday 0.303 0.060 0.017
Sunday 0.103 0.020 0.006
Weekly total 2.710 0.538 0.149

1.3.3 Spatio-temporal tests

In the categorical understanding of the time and space under consideration, we
specified a loglinear Poisson model where the intensity rate is defined per cross-
category. Coefficients for each day of the week and canton were estimated from
the data and combined to calculate the intensities as presented in Table 1.4.
Then the expected counts for each combination can be calculated and com-
pared to the actual counts (Table 1.5). For our test statistic we thus obtain the

valueof T =3"_, (observed—capected)® _ 39 931 which under the X3g distribution

expected

has a p-value just higher than 0.002 and is therefore significant at a 1%-level.
This would suggest that the daily, cantonal variation is not very well modelled
by a categorical intensity. However, the greatest part of this T-value is due to

discrepancies in the estimations of the counts for the Cantons of Aargau, Basel-
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Table 1.5: Observed minus expected carcass counts for each canton per day of the

week

Day of the week Bern Aargau Solothurn  Basel-Land
Monday 149 - 139.795 24 - 27.761 23 - 27.761 7-7.684
Tuesday 89 - 84.703 11-16.821 12-16.821 11 - 4.656
Wednesday 87 - 84.703 18 - 16.821 13- 16.821 5 - 4.656
Thursday 77 - 83.326 21 - 16.547 22 - 16.547 1-4.580
Friday 72 - 86.769 28 - 17.231 22 -17.231 4 - 4.769
Saturday 65 - 63.355 7-12.581 18 -12.581 2 -3.482
Sunday 25 - 21.348 3-4.239 2-4.239 1-1.173
> <°b5€”§‘j;jfg§“ed>2 4.548 13.374 9.700 12.311

Land and Solothurn, where far fewer carcasses have been collected. Hence for
the DOW-effect, the coefficients are more heavily skewed towards fitting Canton
Bern well than the remaining cantons, as it carries the most weight. The low
value for Tgg reflects this too, suggesting that at least the Bernese part of the
model provides a decent match to reality.

In continuous spacetime, the STPP package uses various measures to compare
the number of pigs picked-up per standardised spacetime unit with the expected
counts. If these are too different, there is a good reason to reject CSTR. Since
we already saw that over the entire area of the four cantons spatial aggregation
plays a role, with the STPP methods we will focus on spatial distances up to

50km (instead of the full 150km) since epidemics may be expected to play out
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Figure 1.7: The estimated pair correlation function § measured over spatial
distance up to 50km and time intervals up to 10 days (left) and 100 days (right).

Values/colours > 1 indicate clustering.

stronger locally than over entire cantons at a time.

The plot of the estimated pair correlation function (Figure 1.7) shows most
notably at a very close distance values greater than one, which indicates a
heightening of intensity. This is likely an artefact of the jitters that have been
added to the locations of the events: around each farm a ’cluster’ is therefore
detected as numerable events occurred within minimal distance of one another
as pigs herds are kept in one place. Further away some very slight clustering
is noticed, mostly within a radius of about 20km. This seems in keeping with
the findings of section 1.3.1 where a band of heightened intensity in the central
flatlands appeared. The absence of obvious spikes fits with the epidemic-free
nature of the rendering data. Finally, the patterns in the plot are somewhat
affected by variations in time duration v. Especially during a one to two week
time window, more than usual events occur together. However, as the window
lengthens, the time dependencies fade away. Once extended to a time frame of
350 days (not shown) there is very minimal variation left.

The plots of the estimated spacetime inhomogeneous K-function shows ag-
gregation to take place only when looking at larger areas and over longer periods
of time (Figure 1.8). For a homogenous PPP, expected K-values would be di-

rectly relative to the size of the spacetime units, i.e. equal to mu?v. With the
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Figure 1.8: The K-function covering regions up to 0.5 degrees (~ 50km) radius
and time intervals up to 10 days (left) and 100 days (right), where higher values

indicate more spacetime aggregation of events.

rendering data, low values of the STIK-function are observed, never rising above
the largest expected value of max(ru?v) = 7 -0.52 - 10 = 7.85 for 10 days, and
78.5 for 100 days, where u is measured in degrees. Therefore nothing in the

data stands out as a warning of an epidemic.

1.4 Conclusion

The daily book-keeping of dead pigs collected on-farm as done by Centravo, pro-
vides a data base which can be modelled via a Poisson point process. Though
overdispersion is present, it is not too pronounced and does not appear to dis-
rupt the application of PPP-specific methods. Following a medley of tests and
procedures, the absence of an epidemic between 2009-2012 is noticeable in the
regularity of the various outputs: once a day-of-the-week effect is accounted for,
the time period for which the process is considered is irrelevant, while the spatial
variation follows the geological lay-out of these Swiss cantons: where there are
mountains, there are no pigs. All in all this leaves us with a well-established

base model from which any irregularities in future data may stand out clearly.
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Chapter 2

Syndromic Surveillance

2.1 Introduction

To detect the spreading of an epidemic disease among livestock, there have
to be noticable signs in the population, and methods in place to observe and
interpret these. When such signs only occur in a few sporadic cases, the disease
might remain unnoticed, but clusters of behavioural warning signs might become
prominent enough to get discovered. After all, ”[ijnfectious disease exhibits
classic time-space clustering where cases arise at similar times and in similar
places [precisely| because of the contagious nature of the disease” (Ward and
Carpenter, 2000).

To provide detection of aggregated cases, a variety of methods are in use, in-
cluding temporal tools such as cumulative sums and moving averages, scanning
for spatial clusters (notably through the use of the software SatScan [Kulldorf,
2001]) or multiple regression. A wide catalogue of methods befits the variety
of data sources that are being used to monitor animal health, including clinical
data from veterinary practices, zoos and animal hospitals, as well as slaughter-
houses and animal auction markets (Dorea, Sanchez and Revie, 2011; Triple-S.
[2,3]). With rendering data, detection of an epidemic would translate to the

ability to notice increased collection rates of animal carcasses within a certain
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region. To allow for timely detection, a daily test should be performed, whereby
computation time has to be short and the number of false alarms low. Be-
cause carcass collection is a relatively rare event, certain statistical tests, such
as SatScan, may give inaccurate results (Alton et al., 2013). An appropriate

application of cumulative sums will therefore be presented.

2.2 Materials and methods

To detect a heightened rate of carcass collection, we propose a test which com-
pares observed counts to a set of predefined threshold values, and once exceeding
a threshold, returns an alarm. This allows us to "determine objectively whether
[or not] a specific fluctuation in an observed pattern is small enough to be con-
sidered insignificant, as it is a feature that might well be observed in a pattern
that is a realisation from a completely random point process model” (Ilian et
al., 2008). Indeed, due to the natural variation in pig mortality, the surveillance
system may by chance return a statistical alarm following a high collection
rate, despite there being no epidemic. Such false alarms are part and parcel
of statistical tests. Nevertheless, the thresholds may be chosen thus, so as to
accommodate a predefined rate of false alarms which is considered permissible.
To do so, some well-established characteristics of Poisson distributed variables
are utilised.

We assume that the daily, epidemic-free carcass count is a realisation of the
Poisson distributed random variable X ~ Pois(A¢q). Then, the Cumulative
Distribution Function (CDF) can be specified to obtain the probability that k
carcasses, or fewer, will be collected in canton ¢ on day d:

Ny

k k
P(X<k)=> P(X=i)= Ze_AC*d% = F(\ea, k)
i=0 i=0 ’

given A.q > 0, V ¢ € {BE,AG,SO,BL} and V d € {Mon,...,Sun}. So

were Switzerland to remain epidemic free for one year and a daily check of the

reported number of collected pigs was performed, we can calculate how often
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we would expect certain values to appear. Therefore we can control the false

alarm rate a by selecting a threshold ¢ which fulfils
PX>t)=1-P(X<t)=1-F() =p(t) < a.

Since the duration of an epidemic is typically longer than just one day, com-
bining results over consecutive days into a cumulative sum would allow for a
more sensitive, though slower, detection of sudden increases. The independence
of counts on different days in the absence of an epidemic makes this straight-
forward, because sums of independent Poisson random variables are themselves
again Poisson, so that an exact CDF can again be computed:

Let X7 ~ Pois(\1), Xo ~ Pois(A2), ..., X, ~ Pois()\,) be independent.
Then

S=X1+Xo+...+X,, ~Pois(Ag = A1 + Ao+ ...+ ),

hence

k
F(Ag k) :=P(S < k) =Y e et (
=0

By choosing for instance n = 7, an entire week of collection counts could
be combined, allowing for one cycle of the day-of-the-week effect to have played

out. For all four cantons together, this would results in a weekly count
S ~ Pois(As = 0.976 + ... + 0.149 = 3.935),

though this can easily be adjusted to obtain weekly rates for separate cantons

(Table 1.4).

2.2.1 Simultaneous testing for overlapping timespans

A slightly more complex set-up is required when comparing several counts for
different time frames simultaneously. Since not all diseases result in high mor-
tality rates within a short period of time, a weekly count may not be able to pick

up any systematic heightening of collection rates over a more prolonged period
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of time that may nevertheless be occurring. Hence we propose a combination
of tests covering a weekly, a fortnightly and a four week timespan.

Let S1 ~ Pois(Ay,a), S2 ~ Pois(Ay—1,4) and S3 ~ Pois(A(y—2,w-3),4) be
independent random variables, whereby S corresponds to the collected carcass
count in week w within a certain area A, S5 corresponds to the count in the
previous week w— 1 within the same area and S35 to the count in weeks w—2 and
w — 3 combined within area A. Given that the day-of-the-week effect disappears
when aggregating counts by week, the independence of counts for different weeks
seems justified. Hence, A is homogenous with respect to time, merely reflecting
the duration of the period under consideration. Finally, given that the same

area is considered for all timespans, we can simplify
>\w71,A = )\w,Av

Aw—2,w-3),4 =2 Aw,A-

With these three independent Poisson random variables as building blocks,
the weekly, fortnightly and four week count variables can be defined as follows,

incorporating the fact that their time periods overlap:
o Weekly count Sy ~ Pois(Ay, )
e Fortnightly count Sy + Sz ~ Pois(2 - Ay, 4)
e Four week count Sy + Sz + S3 ~ Pois(4- Ay 4)

Of course this can be generalised for m weeks, so that S ~ Pois(m - Ay, 4).

To perform simultaneous checks on all counts, three separate thresholds are

required. For this the combined cumulative distribution function needs to be
specified to obtain the probability that in area A k; carcasses, or fewer, will
be collected during week w, ko carcasses, or fewer, during weeks w and w — 1

combined, and k3 carcasses, or fewer, during weeks w up to w — 3. Given

X=wr2 Apard - Ao alT € RS and k = [k1, ko, k3]” € N3, let
F(X,E) := P(S; < k1,51 + So < ko, S1 + Sy + S5 < ks)

32





define the CDF. As can be verified, this can be written as

k1 ko—k:

F(NE) =Y > P(S1 <i)P(Sy < j)P(Ss < ks —i —j)

i=0 ;=0

where is becomes clear how the interdependencies of the overlapping time
spans play a role, since the count observed in for instance week w will also be
included in the counts for the longer periods. Including the Poisson distribution

formula we obtain

—

=0 j5=0 r=0 u=0

which can be evaluated for different combinations of values for k1, ko, k3 € N.

To find the lowest threshold levels = [ty,ts,t3]7, while maintaining the
overall false alarm rate at «, we created a program using F; » = F (X,f) and
optimising the combination of thresholds ¢ for a given lambda. For this we

sought a quantile 8 € [0, 1] as small as possible, such that

£:= [FUB), Fy ) (8), F L (8)]”
satisfies

FX’{Z 1-—o.

To do so the bisection method was applied to 5 on the interval [1—a,1— %]
which led 8 converge to the optimal Sy, so that ¢ = [Fy Y(Bo), F. 2 L(Bo), F. ( )] T
N3,

Then we checked if any one or two threshold values from ¢ may be further
decreased while still maintaining a false alarm rate strictly smaller than «, and

thus obtain our vector of optimal thresholds.
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2.2.2 Simulating classical swine fever outbreaks

To simulate outbreaks of CSF in Switzerland a modified version of the Davis An-
imal Disease Simulation (DADS) model was used (Bates et al. 2003, Diirr et al.
2013). DADS was developed to simulate the spread of a foot-and-mouth disease
epidemic on a daily basis at an individual animal level by taking into account
herd size, type and location, as well as random measures for infection status, di-
rect and indirect contact rates, and subsequent transmission probabilities of the
disease. Our epidemics were initialised by designating a single random animal
in a randomly selected index herd as infected. Then, daily within-herd trans-
mission was simulated by letting the number of newly infected animals follow
a time-dependent binomial distribution selecting from the available susceptible

animals in a herd at day ¢ with the probability p(t) given by

p(t) = 1— (1_N’“_1>It

where NN is total herd size, I; the number of infectious animals within the
herd at day ¢, and k the herd-type-specific number of contacts per infected
animal per day. Following infection, an animal proceeded through the dis-
ease stages with durations sampled from specific probability distributions (e.g.
detinically—immune ~ N(15,3.5)). Herds as a whole were considered clinical as
soon as 1 animal had reached the clinically infected stage. Between-herd trans-
mission was simulated using spatial proximity, direct contact through animal
transport and indirect contact by veterinarians and other sources. For suscepti-
ble herds a daily, herd-specific exposure risk was calculated proportional to the
distances to already infected premises.

DADS has mostly been used to compare different prevention and control
strategies, such as culling, movement restrictions and vaccination (e.g. Carpen-
ter, 2011; Diirr et al., 2013; Halasa, Boklund, Stockmarr, Enge and Christiansen,
2014), but its output is also well adapted for retrospective assessment of our de-
tection scheme. To this end a 100 simulations were run. Each consisted of

a period of 100 days during which CSF was allowed to spread uninterrupted,
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Figure 2.1: Sample simulation output

i.e. without control measures, throughout Switzerland. From the output the
infected herds within the four cantons were extracted. All farms with only
weaning piglets were removed, as piglets are not collected by Centravo. For
each remaining herd the number of clinical pigs was noted as these represent
potential cases: if they succomb to the disease their carcass would require col-
lecting and thus enter into the rendering database. Also the first day of clinical

signs appearing within the herd was recorded.
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Two CSF scenarios

Two scenarios were applied to the population of pigs showing clinical signs of
CSF. Both based on the descriptions of classical swine fever by the OIE (2009).
The first represents the acute form of CSF and the second is a mixed form,
representing the chronic and congenital forms of CSF simultaneously. The acute
scenario supposes that at least 80% of all pigs that are clinically infected will die,
which is implemented by multiplying a random, uniformly distributed mortality
rate racute ~ U(0.8,1) by each clinical herdsize and rounding down the result
to the nearest integer to obtain the simulated number of deceased pigs within a
herd:

Cj = I_nj : TacuteJ

with herdsize n; € [N]. In addition to high mortality levels, acute CSF is also
characterised by a fast development of the disease, death occurring typically
within 5 to 25 days after infection. Each pig’s day of death is therefore simulated
by adding to the day of infection of the pig’s herd a uniform distributed random
variable taking values between 5 and 25 days which represents the random
duration of the illness until time of death for each pig: let the day of death
due to acute CSF of pig 7 in herd j be denoted by d{"* € {1,2,---}, defined

as

5;zjcute — [dznfection + dzgluration-|,
with d;”femon € {1,---,100} and dduration ~ [J(5,25). Furthermore it is as-
sumed for simplicity that on-site collection follows directly.
In addition to the acute case a mixed CSF scenario is proposed, reflecting
the spread of a less virulent virus. Here it is supposed that between 30% and

50% of all clinical pigs from herd j would die: ¢; € [N], again implemented by

multiplying clinical herdsize by a uniform mortality rate
Cj = I_nj : rmi:vedJ

for rmizeda ~ U(0.3,0.5). Besides lower mortality levels, chronic and congenital

CSF show a much slower, more prolonged development of the disease. Therefore
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the duration of illness for the mixed form is modeled by a uniform distribution
over a period of 30 to 90 days after infection of herd j. Hence day of death of
pig ¢ in herd j denoted by 5?}”“1 € {1,2,---} is defined as

mixed ,__ in fection duration
sprieed . [d] 4 dguration]

)

whereby d;-nfemon € {1,---,100} and ddvration ~ [7(30,90). Again we assume

that the carcass is collected the same day as death occurs.

2.3 Results

A syndromic surveillance system has been developed which checks the cumula-
tive count of pigs collected during 1, 2 and 4 weeks, optionally per canton if not
for all four together. Each of these sums is compared to a predefined threshold
value (accommodating the permissible number of false alarms), and once any
one sum exceeds its threshold, a flag is returned. This scheme was then tested
on the historical data provided by Centravo, representing the epidemic-free sit-
uation, as well as on simulated outbreaks of classical swine fever, generated by

the DADS model.

2.3.1 Test results using epidemic-free data

Applying the cumulative distribution function for a weekly count of all four
cantons gives an insight into the numbers that might reasonably be observed
during a year’s worth of daily checks when no disease spreads among the pig
population (Table 2.1). When only this test gets performed and a false alarm
rate of, for instance, 1% gets chosen, threshold level ¢ is obtained so that P(S >
t) < a = 0.01 holds, by solving

t=Fg'(l1—a)

for t. If, due to the discrete nature of the Poisson distribution, there is no ¢
value fulfilling this inequality, the smallest integer which does is taken for ¢ and

thus a slightly more conservative false alarm rate than originally selected gets
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used. Such is the case for weekly count S ~ Pois(3.935), where for o = 0.01
no exact t-value matches and instead t = 9, with p(¢) = 0.007 < 0.01 has to be
taken. If a year passes with no epidemic taking place, 3 days where 10 or more
pigs were collected during the preceding week (generating each a false alarm)
may nevertheless be expected, but if an epidemic does occur a weekly count of
10 or more carcasses may provide the sign that a disease is spreading through
the pig population.

When combining several tests at once the chance of detecting an epidemic
increases, but therefore so does the likelihood of a false alarm. The most ap-
propriate threshold values for testing 1, 2 and 4 week collection counts per
canton, as well as for all four combined, were found using the previously pro-
posed scheme (Table 2.2). When checking daily against these counts we can be
relatively certain that, if no epidemic takes place, no more than 4 false alarms
will occur per year.

Due to daily repeating and a moving window of the aggregated sums, alarms
of the same timespan often occur in clusters. However, once the first has been
clarified, subsequent alarms may also be explained. Hence, when applying the
scheme to the rendering data of 2009-2012, sequences of alarms of identical
timespan were considered as 1 alarm. Thus some overlapping of alarms from
different timespans still remained, which in practice may also have been previ-
ously clarified. All in all we found that no more unique alarms were observed
than was to be expected (Table 2.3). During four years without any epidemic,
very few weeks had such marked mortality rates that an alarm was triggered.
Even for the cantons of Aargau, Solothurn and Basel-Land, where quite low
thresholds were defined, the aggregated counts did not often reach even these

levels.

2.3.2 Test results using simulated CSF data

With the DADS model 100 simulations of rendering data following both an acute

and a mixed CSF outbreak scenario were generated and successively checked
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Table 2.1: CDF for weekly collection counts, checked daily for one year

Weekly count ¢ P(X =C) Expected number P(X <) Expected number P(X > C) Expected number

of counts with of counts with of counts with
C pigs C pigs or fewer more than C pigs
4 0.195 71 0.642 234 0.358 131
5 0.154 56 0.795 290 0.205 75
6 0.101 37 0.896 327 0.104 38
7 0.057 21 0.953 348 0.047 17
8 0.028 10 0.981 358 0.019 7
9 0.012 4 0.993 362 0.007 3
10 0.005 2 0.997 364 0.003 1
11 0.002 1 0.999 365 0.001 0
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Table 2.2: Optimal thresholds

All cantons Bern Aargau, Solothurn Basel-Land
Aw,a  3.935 2.710 0.538 0.149
ty 10 8 3 2
to 16 12 4 2
ts 26 20 7 3

Table 2.3: Alarm frequencies during 2009-2012

All cantons Bern Aargau  Solothurn Basel-Land
1 week alarm 6 4 3 2 0
2 week alarm 3 4 1 2 0
4 week alarm 4 3 0 1 0
total 13 11 4 5 0
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against the thresholds from Table 2.2. Ideally, this would result in two alarms
per simulation though this was not always the case. On the one hand this may
have been due to a lack of sensitivity in the scheme as cases may be thus spread
out over time that no weekly, fortnightly or four week count was high enough
to exceed the thresholds. On the other hand, the many layers of variability in
a given simulation gave rise to many possible outcomes: sometimes the herds
passed through the clinical stage into the immune stage undetected, or so few
clinical pigs remained present in the herd that zero deaths were simulated. At
other times only herds of piglets were heavily affected (which would go unnoticed
by a rendering firm) or just those herds outside the four cantons went clinical.
In none of these cases an alarm would have been raised and the disease would
have spread undetected (in Table 2.4 these are labelled as “excluded” cases).

Overall, in 65 of the 100 simulations the alarm was raised due to the acute
outbreak of CSF, and in 48 cases due to the acute as well as the mixed sce-
nario. However in 13 cases the epidemic passed completely unnoticed, whereas
in almost 20% of the simulations some other reason prevented the disease from
getting detected within the four cantons. An obvious improvement might be
made if more cantons, especially Luzern, could be included in the assessment.

Considering the speed of detection, the difference between the two scenarios
is striking (Figure 2.2, Table 2.5). In the (detected) acute cases of CSF for the
first alarm to get registered it would usually take between 4 and 7 weeks, but
never more than 11. The mixed scenario needed at least 11 weeks, and usually
the full 100 days to produce an alarm. In part this is a direct consequence of the
prolonged lifetime of pigs that are infected with the congenital or chronic form
of classical swine fever, in comparison to the acute. But it strongly indicates
that timeliness remains an issue.

A possible improvement might also be gained by performing a prospective
analysis of the DADS output data. At the moment the final output file is used as
the baseline for looking back and randomly assigning days of death to pigs in the
clinical populations present at day 100. But since DADS itself does not include

a mortality rate (nor birth rate), many pigs that were clinical before day 100
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Table 2.4: Simulations and alarms

Number of tests

both alarms 48
acute alarm, no mixed alarm 17
mixed alarm, no acute alarm 0

no alarm 13
excluded 19

acute: no alarm; mix: excluded 3

already passed into the immune stage (following a stochastic time distribution),
without their risk of dying having been assessed. Once immune, they are no
longer considered for the CSF simulation, so that an underestimation of deceased
pigs is highly likely. A more elaborate analysis might therefore apply a day-by-
day mortality simulation with each day’s DADS output as its base. Hopefully,
this would improve the detection rate and speed, as the scenarios would have a

bigger impact on the herds.

2.4 Conclusion

Ideally, incoming rendering plants data would be monitored daily and, as fast
as possible, an alarm would be raised if an epidemic appears to be on its way.
At the same time however, it is imperative that the number of false positives re-
mains relatively low, as time, money and other resources should not be wasted on

investigating too many false alarms. Given these constraints, a scheme checking
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frequency

frequency

15

10

15

10

Table 2.5: Summary statistics for time until first alarm (in days)

Type of scenario  Minimum 25% Median 75% Maximum
Acute 19 29 37 48 73
Mixed 80 88 96 105 143
(0,10] (10,20] (20,301 (30,40] (40,501 (50,601 (80,70] (70,80] (80,90] (90,100]  (100,110] (110,120] (120,130] (130,140] (140,150] (150,160]
days before first alarm (acute scenario)
[ I [ ] |
(0,10] (10,20] (20,301 (30,40] (40,50] (50,60] (60,70] (70,80] (80,90] (90,100]  (100,110] (110,120] (120,130] (130,140] (140,150] (150,160]

days before first alarm (mixed scenario)

Figure 2.2: Detection times for acute (top) and mixed (bottom) scenarios
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observed versus expected cumulative sums, with thresholds defined by a known
Poisson cumulative distribution function and accommodating for a predefined
false alarm rate, provides a user-friendly tool. Given a reliable estimation of
the underlying intensity, it can be adapted to any region and time period of
interest. With some additional optimisation, a combination of tests can also
be performed, so as to be able to check simultaneously for a range of potential
diseases or different epidemic scenarios. Under its present set-up, the proposed
surveillance system provides such an easy to use application for rendering data.
However, the assessment of its effectiveness and timeliness in disease detection
could be improved upon by expanding the simulation analysis or the spatial
scope of available data. Extrapolation to other Swiss cantons or other livestock
populations could also be attempted. Ultimately, an alarm raised by the system
would be but a first step to a more careful inspection of the situation, before
potentially leading on to more conclusive (clinical) tests to provide definite an-

Swers.
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Conclusion and discussion

In our search for a suitable model of pig mortality, we used the time-honoured
standard of applying the Poisson distribution to rare, countable events. Given
our interest in spatio-temporal patterns of mortality, we specifically consid-
ered Poisson point processes and tried to establish to which extend the current,
epidemic-free situation in Switzerland resembles a uniform, homogenous process.
However, a look at the map of Switzerland provided an early clue that at least
as far as spatial homogeneity was concerned, complete randomness was unlikely
to hold. This was indeed confirmed by the results of the various tests (kernel
smoothing, quadrat counts, PCF and STIK). Furthermore, in practice, we had
to approximate for mortality by using rendering data, which only truly represent
on-farm carcass collection. Divergence between collection and mortality rates
could be inferred from, most notably, the presence of the day-of-the-week effect
within the data. Here, practical reasons of cost and time-management distort
a one-to-one mapping of the proxy to the phenomenon it represents. However,
when considering longer periods of time, these effects faded away again. Overall,
the marked absence of sharp peaks and pronounced clusters in tests for space-
time aggregation did agree well with the epidemic-free nature of the available
data. The first chapter thus fulfilled "the main aim of point process statistics
[which] is to understand and describe the short-range interaction among the
points, which explains the mutual positions of the points” (Ilian et al., 2008).
Yet were an epidemic to occur among the Swiss pigs, knowing these base

characteristics and using Poisson random variables helped us build an appropri-
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ate detection scheme. Daily checking of a selection of 1, 2 and 4-week carcass
counts would provide an indicator of general pig health. Were the carcass counts
to rise drastically, it would easily be noted. A further specification with regards
to spatial aggregation is at the moment only possible on a cantonal level. To
incorporate the coordinates of the cases and sensitize the alarm to distances be-
tween events might therefore be a useful extension of the proposed method, since
”a successful detection requires a method to both signal during an outbreak and
to accurately identify the location of the outbreak” (Fricker, 2013). However,
the large amount of pig movement in Switzerland does somewhat undermine the
likelihood that outbreaks would be particularly localised. Nevertheless, further
optimalisation of the data available and their tools of analysis would provide
deeper understanding of the potential uses of rendering data, their meaning for

animal mortality and our ability to prevent large-scale epidemics.
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« Can a syndromic surveillance system be implemented using the
existing health care infrastructure, resources and data sources?

Two frameworks for considering the usefulness of syndromic
surveillance are presented in the figures below. In particular, the types
of events for which syndromic surveillance may be useful (Figure 2.1)
and its timeliness compared to other systems (Figure 2.2).

Figure 2.1 Decision tree for determining if syndromic surveillance meets your needs
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Figure 2.2 A progression of useful data sources by underlying infection and associated behaviours
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