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Abstract
Emerging pests and pathogens (EPPs) are an increasingly disruptive force to human society that can cause large social and ecological changes far beyond their initial site of emergence. Three forces contribute to this growing challenge now and in the foreseeable future: first, potential EPPs are more likely to come in to first contact with human habitats as human land use expands. Second, denser human trade and travel networks mean that EPPs are more likely to emerge in new regions. Third, human technology, such as biocidal agents, increases risks for re-emergence. Understanding how EPPs cascade across scales in social-ecological systems is therefore an urgent priority, but no formal approach currently exists for analysing the ripple effects at scale, from their seeding to their lasting societal imprints. This project aims to fill this gap in sustainability science for society.
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Introduction
Unusual infectious disease (ID) events occur when an underlying mix of antecedent epidemiological drivers provide the necessary conditions for a pathogen to emerge in susceptible populations. These conditions may be driving emergence through a wide variety of mechanisms, such as climate change, industrial development, ecosystem change, and social inequality. Public health policy has traditionally targeted well-described socioeconomic drivers, such as lack of sanitation, lack of hygiene awareness, and poor access to health care and disease prevention services (e.g., bed nets, vaccinations, and treatments),but researchers have increasingly evaluated the complex interactions among drivers related to globalization, political issues, human susceptibility, and biophysical environmental change (Olson et al. 2015)
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Across 397 outbreaks of international concern, as classified by the World HealthOrganization, nearly 40% were attributed to 1 driver: lack of public health infrastructure (Bogich et al. 2012a). Further, changes in land use, another known driver, can produce animal–human interfaces ripe for spillover events. Indeed, between1940 and 2005, 60% of emerging ID events were of zoonotic origin and showed a substantial positive correlation with wildlife abundance and diversity. In 2008, the European Centre for Disease Prevention and Control (ECDC) conducted a literature- and expert-based foresight study to identify environmental, socioeconomic, and technical changes that will contribute to future EIDs in Europe. The study projected that the drivers of most concern would fall into three main groups: globalization and environment, social and demographic, and public health systems. (Semenza et al. 2016)
Driving Factors Description (Bogich et al. 2012b). Drivers were assigned on the basis of a text search of the outbreak reports for key words and phrases indicating an IOM-defined driver directly or inferred from text describing actions taken immediately following the outbreak
	Driving Factors
	Description

	Agricultural & Food industry changes
	Agricultural intensification of crops or animal husbandry and all aspects of food production from manufacturing to marketing; global trade and travel related to food are included here

	Breakdown of public Health measures
	Breakdown in public health measures that have previously worked to prevent infections, including inadequate sanitation and hygiene (e.g. shortages of potable water), poor immunization coverage or lack of infrastructure to purchase and deliver vaccine, TB control, control of vector-borne and zoonotic disease, and antiquated public health laws

	Bushmeat
	Both hunting and consumption of wildlife, including tracking, capturing and handling involved in hunting

	Climate and weather
	Short- and long-term fluctuations in temperature and rainfall affecting pathogens, vectors and hosts

	Human demographics and behavior
	Demographic and behavioral factors that affect human transmission of disease, examples include migration, population growth, aging, urbanization, and high-risk behaviors

	Human susceptibility to infection
	Elements of human physiology that determine susceptibility, including genetic, physical, cellular and molecular defenses. Examples include malnutrition, impaired immunity, genetic polymorphisms

	Intent to harm
	Bioterrorism or threat of attack using biological agents, typically via aerosol dissemination

	International travel and commerce
	Movement of humans and animals and other goods, including volume and speed of air travel, cruise ships - does not include global travel and trade related to food

	Lack of political will
	Lack of global political commitment and general complacency toward infectious diseases

	Land use changes
	Changes in land use patterns due to anthropogenic activities, including encroachment, expansion of agricultural activities or urban areas, deforestation, dams and irrigation infrastructure, or reforestation

	Medical Industry changes
	Advances in the medical industry such as blood transfusions, use of plastic catheters or artificial heart valves); other examples include
blood product safety, organ, tissue and xeno-transplantation

	Microbial adaptation and change
	Antibiotic use and resistance

	War and famine
	Armed conflict, loss of food security, and handicapping of medical infrastructure due to conflict, including the displacement of humans to refugee camps, for example, during war times

	Unspecified
	Unable to assign driver
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The ECDC is mandated to monitor Infectious disease threat events (IDTEs) through epidemic intelligence or event-based surveillance, which involves active and automated Web searches from confidential and official sources, such as the Early Warning and Response System (EWRS), Program for Monitoring Emerging Diseases (Promed), Medical Information System (MediSys), and Global Public Health Intelligence Network (GPHIN), as well as individual reports from European Union (EU)/European Economic Area (EEA) member states (Semenza et al. 2016). The IDTEs that met the inclusion criteria were divided into 10 categories: foodborne and waterborne; vectorborne and rodentborne; airborne; vaccine preventable; other zoonoses; injecting drug use (IDU) associated; influenza; healthcare associated; multidrug resistant; and sexually transmitted
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Methods
Data were retrieved from WHO-DON API.
glimpse(corpus)
Rows: 18,648
Columns: 5
$ DonID_standardized <chr> "2024-DON525", "2024-DON525", "2024-DON525", "2024-…
$ UrlName            <chr> "2024-DON525", "2024-DON525", "2024-DON525", "2024-…
$ DonId              <chr> "2024-DON525", "2024-DON525", "2024-DON525", "2024-…
$ InformationType    <chr> "Summary", "Overview", "Epidemiology", "Assessment"…
$ Text               <chr> "The International Health Regulations (IHR) Nationa…
Source: Scraping data from WHO-DON
Data retrieved from WHO-DON can merge with data from (Carlson et al. 2023)
To extract causality relations, one can choose BERT or LLMs. The LLM is more advance (Gopalakrishnan et al. 2023)
Causality extraction is the process of extracting the cause and effect from a sentence. In the past few years, much work on causality extraction has been done, but still, it remains a challenging task. A survey on the extraction of causal relations from text [5] categorizes the existing methodologies into knowledge-based, statistical machine learning-based, and deep learning-based methodologies. We briefly show the diversity of these approaches below.
Earlier works in the area of causality extraction used rules and linguistic features to extract cause/effect tuples [6,7,8]. Machine learning models can also be used to extract causality from text. Linguistic features, such as verb pair rules, etc., as well as discourse features, can be used to train classifiers, such as Naive Bayes and Support Vector machines [9,10]. In recent times deep learning-based models have been used to extract causalities from text [11,12,13].
Causalities can be extracted at sentence level (intra-sentence) [14,15,16,17], or across sentences (inter-sentence) [18,19,20]. A model can classify a sentence as being causal-based on the presence of an explicit connective (explicit causality) [11,13,21]. In the absence of causal connectives, semantic information can be used to find the causalities (which is called implicit causality) [22,23].
A recent work on causality extraction [12] extends the SemEval 2010 Task 8 dataset by adding more data and uses BILSTM-CRF with Flair embeddings [24] to extract cause/effect relationships. A similar work [25] uses CNN on the SemEval-2010 Task 8 dataset [26], Causal-TimeBank dataset [27], and Event StoryLine dataset [28], whereas [29] uses a Recursive Neural Tensor Network (RNTN) model [30]. Some of the works consider causality extraction as a span extraction or sequence labeling task [31]. CausalizeR [32] is a similar work that extracts the causal relationships from literature, based on grammatical rules.
Finally, the emergence of large language models creates a new environment for extracting causality-related information
Results
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Table. Disease drivers identified in the literature and examples of data availability*

Driver theme (references) Global data examplest Regional data examplest
Human susceptibility to Vaccine rumor surveillance, product distribution data from US influenza vaccination rates,
infection (7,2,4) manufacturers, self-reported immunization status measles vaccination rates from the
Mozambique Health Information
System

Climate and weather (1,2,4)  Numerous satellite products, National Oceanic and Atmospheric; Climate data, social media reports of
Administration, Climatic Research Unit, Center for Sustainability ~ climate and air pollution effects on

and the Global Environment, vulnerability to climate change Twitter and Sina Weibo
Human demographics and Night time lights, Gridded population of the world, mobile phone National census data products,
behavior (1,2,4) operator data Twitter, world population
Economic development International Monetary Fund, World Bank National departments of economics
(1.2.4)
Land use and ecosystem Global agricultural lands, Center for International Earth Science  National departments of agriculture,
changes (7,2,4) Information Network, Global Forest Change 2000-2012, Global ~ croplands in western Africa, Africa

Forest Watch, global livestock distribution densities mining digital news reports, IMAZON
Deforestation Alert System
Technology and industry Digital news, United Nations Global Pulse NA
(1.2.4)
Human wildlife interaction Species distribution grids, digital news reports State-level hunting data
(24)
Breakdown of public health Natural disaster hotspots News of impending natural disasters
measures (1,2,4) (i.e., predicted hurricane landfall)
Poverty and social inequality Center for International Earth Science Information Network, National census data
(1) Global Observatory
War and famine (1,2,4) Famine early warning system, digital news and social media Syria Tracker
Lack of political will (7) Historical records, Transparency International, Cline Center for NA
Democracy

International travel and Flight and shipping data Regional distribution data of food
commerce (71,2,4) products

*The table is purposely not exhaustive but provides a survey of types of available digital data that are associated with different drivers. NA, not applicable.
+See online Technical Appendix Table 1 (http:/wwwnc.cdc.gov/EID/article/21/8/14-1156-Techapp1.pdf) for available references.





rId29.png
Table 1. Total number of infectious disease threat events, cases, and deaths, from 2008 to 2013 in Europe

Number of Number of Number of Number Number
globalization and social and public health of cases of deaths
Number environmental demographic system from from
Categories of events of IDTEs drivers drivers drivers IDTEs* IDTEs*
Foodborne and waterborne 48 54 7 47 26,000 80
IDTE
Vectorborne and rodentborne 27 58 9 10 4748 64
IDTE
Airborne IDTE 10 13 4 1 531 9%
Vaccine-preventable IDTE 10 10 20 5 73,658 34
Other zoonoses IDTE 7 6 7 7 3724 12
Injection drug use-associated 0 159 17
IDTE
Influenza IDTE 4 4 2 4 97 11
Healthcare-associated IDTE 3 2 3 3 49 7
Multidrug-resistant IDTE 2 1 3 1 76 8
Sexually transmitted IDTE 1 1 2 0 11 1
Total 116 151 66 78 109,053 330

“The number of cases and deaths reported in the infectious disease threat event (IDTE) database reflects the disease burden recorded
through epidemic intelligence for IDTEs and is not a complete assessment of the disease burden in Europe. For a complete compilation

of epidemiologic data, the reader is referred to the European Centre for Disease Prevention and Control (ECDC) Annual Epidemiologic
Report,*> which provides a more accurate estimate of mortality and morbidity.

bIncludes respiratory infections that can be transmitted through air and/or other pathways, including infections transmitted through

aerosols, fomites, or direct contact.
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