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Abstract
Syndromic surveillance has expanded since 2001 in both scope and geographic reach and has benefited from research studies
adapted from numerous disciplines. The practice of syndromic surveillance continues to evolve rapidly. The International
Society for Disease Surveillance solicited input from its global surveillance network on key research questions, with the goal of
improving syndromic surveillance practice. A workgroup of syndromic surveillance subject matter experts was convened from
February to June 2016 to review and categorize the proposed topics. The workgroup identified 12 topic areas in 4 syndromic
surveillance categories: informatics, analytics, systems research, and communications. This article details the context of each
topic and its implications for public health. This research agenda can help catalyze the research that public health practitioners
identified as most important.
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During the past 15 years, syndromic surveillance has evolved

from a set of ad hoc methods used mostly in postdisaster

settings1-4 to a mature technology that runs continuously to

detect and monitor a range of health issues. At each stage in

their development, syndromic surveillance systems have

been guided by results of applied and basic research, either

published or presented at annual conferences.5,6

Syndromic surveillance has several distinguishing

characteristics: (1) the primary purpose of the activity is to

identify community patterns of disease rather than individual

illness; (2) records typically do not contain personal identi-

fiers; (3) unlike public health case reporting, no selection of

records is requested of the sender; and (4) for outbreak and

event detection, practitioners prioritize timeliness and sensi-

tivity over positive predictive value. Evidence on the value

of syndromic surveillance approaches for outbreak or event

detection is limited. Syndromic surveillance systems have,

however, also shown value in documenting and characteriz-

ing already known outbreaks or events.7,8

In many countries, the dominant approach to syndromic

surveillance is based on categorizing emergency department

(ED) or primary care visits into syndromes and looking for

aberrations or patterns in a jurisdiction’s daily count of

syndromes. In Europe, the development of a consensus in
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syndromic surveillance practice along these lines was

facilitated by the Triple-S project.9

Current challenges and opportunities in syndromic

surveillance include assessing and incorporating novel data

streams10; using it to assess and monitor acute population

health events after detection; using syndromic surveillance

methods for real-time understanding of community patterns

of injuries, poisonings, chronic diseases and their complica-

tions, and unmet medical care needs; and improving the

integration of human, domestic animal, wildlife, and ecolo-

gic data in a One Health surveillance view.

Previous collaborative groups have published research agen-

das and evaluation recommendations for surveillance systems.

They have addressed surveillance evaluation in general,11 eva-

luation applied to syndromic surveillance for event detection,12

syndromic surveillance research,13 public health informatics,14

and population health informatics research.15 In 2013, Smith

et al updated an earlier broad, high-level surveillance blueprint

for the 21st century.16,17 Our report highlights 12 discrete, glo-

bal syndromic surveillance research needs as seen by syndromic

surveillance practitioners, taking into account advances in pub-

lic health surveillance since 2010.13

Methods

A workgroup of the International Society for Disease Sur-

veillance (ISDS) Research Committee, consisting of

national and global subject matter experts in syndromic

surveillance and ISDS professional staff members, con-

ducted this project. The workgroup made decisions through

iterative review, ranking, and consensus among workgroup

leads in 4 topical domains aligned with syndromic surveil-

lance practice: informatics, analytics, systems research, and

communications.

To generate topics for consideration, the workgroup

developed, piloted, and distributed a web-based SurveyMon-

key questionnaire to stakeholders in health surveillance that

drew from network lists of the ISDS and partner organiza-

tions. This distribution strategy primarily targeted practi-

tioners of syndromic surveillance and researchers focused

on syndromic surveillance. An invitation to participate was

sent to >3000 email addresses and was also posted on the

ISDS website.

Respondents included workers with primary expertise in

epidemiology, statistics, data management, and informatics

and with a primary focus on practice, research, or both.

Respondents were in general interested in the effective use

of syndromic surveillance data as the result of their efforts.

Respondents were asked to submit their priority research

questions, taking into account their own assessment of

whether each question met �1 of the following 4 criteria:

Actionable: Does it inform public health action?

Informed: Does it make use of current knowledge, data,

and technology?

Informative: Does it contribute any additional knowledge?

Is there any value added?

Feasible: Can it be conducted with reasonable cost and

time (eg, does a data source exist?)

We received 90 responses from surveillance professionals

working in 15 countries. Three rounds of review and synth-

esis of the information received were used to create the final

research agenda (Figure). Stakeholder responses informed

research topics. Workgroup members synthesized,

expanded, and combined the responses, using their own spe-

cialized knowledge, to generate the topics described in this

report. Eighteen topics were identified in the first round of

Figure. The syndromic surveillance research agenda development process used by a task force of the International Society for Disease
Surveillance (ISDS), 2016. Abbreviation: SME, subject matter expert.
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topic generation. Through an iterative prioritization and

refinement process, some topics were discarded and others

were merged to create an eventual list of 12 topics. Work-

group members produced an extensive set of references to

identify the current state of knowledge related to these topics

and promising avenues of research.

The recommended topics are grouped first by the 4

domains (analytics, informatics, systems research, and com-

munication) and then by priority order assigned by the work-

group within the domain. The 12 topics presented here were

all considered important, but the first topic was the most

frequently mentioned by participating ISDS members and

was ranked highest by the workgroup (Figure).

Recommendations

Analytics

1. Methods and systems to support the fusion of various types of
data. The most common need identified by respondents to

our call for topics was the need to improve methods to inte-

grate multiple types of evidence. Health monitors seek cor-

roboration of signals across data sources, which would

provide more confidence in investigation decisions than can

be provided with single data streams.

Standard statistical data fusion methods (eg, multivariate

control charts,18 multivariate space-time clustering,19 and

dynamic linear models20) have been supplemented by Baye-

sian networks21 and sophisticated Bayesian statistical mod-

els.22-24 Fusion methods from other domains may require

substantial research to be transferrable, practical, and useful

in syndromic surveillance. Syndromic surveillance will need

to combine human and animal health data with environmen-

tal data streams, especially as the need to monitor the effects

of climate change, including expanding zoonoses, becomes

more urgent.

Even when independent multivariate data streams have

the same spatial and temporal resolution and equal epidemio-

logic relevance, identifying anomalies is a considerable chal-

lenge.25 The background covariance among the streams may

change, indications from different sources may be contra-

dictory, and alerts may arise from subtle combinations of

effects across sources. These situations require careful vali-

dation and visualization to make results understandable to

public health surveillance monitors. Spatial resolutions may

vary because of privacy concerns, slowly changing legacy

systems, or available sensing technology. Monitoring inputs

at varying acquisition rates (eg, combining streaming and

report-based evidence with sensor data) requires further

advanced techniques.

Recent work on multimodal recurrent neural networks

appears to have potential in helping to integrate unstructured

data (as from social media) with more traditional data. Par-

ticle filter and Kalman filter approaches from the physical

sciences may help achieve the needed integration for routine

syndromic surveillance workflows. Fusion methods should

exhibit high throughput and resolution without excessive

system resource requirements and should exhibit ease of use,

stability, readily interpretable results, and integration into

existing syndromic surveillance applications.

2. Methods to adapt syndromic surveillance approaches and
systems to changing needs. Syndromic surveillance can be

used to monitor newly recognized diseases, chronic diseases

and their complications, or environmental conditions and

their impact. Additional research is needed on how to design

systems that can be easily adapted to changing needs.26-28

Syndromic surveillance can supply near–real-time data

for monitoring injuries, chronic diseases and their compli-

cations, or health inequities. Practitioners will require ana-

lytics in addition to aberration detection methods.

Incorporating other data streams, such as census data,

weather data, or crime information, may increase the value

of syndromic surveillance data. Improved functionality

requires research that addresses system architecture, inter-

operability, and security.

Disasters can result in sudden population movements and

disruptions to health care infrastructure. Flexible syndromic

surveillance methods are needed in such settings to monitor

impact and response needs.29 Cellular telephone services, or

at least SMS (short message service) texting, are often con-

sistently available and have been useful for collecting

data.30,31 Further research is needed, however, on how best

to improve interoperability and balance functionality with

end-user needs in settings with limited infrastructure.32

3. Enhanced and adaptive detection algorithms. Syndromic sur-

veillance practice depends on automated statistical algo-

rithms to detect unusual deviations from the expected

occurrence of health events. Algorithms have been adapted

from classical hypothesis testing, control charts, time-series

analysis, and multiple types of regression analysis.33

Machine-learning and natural-language processing have

been incorporated to enrich these algorithms for application

to complex data sources.34

Implicit or explicit steps underlie each algorithm: precon-

ditioning of input data (normalizing transformations and

adjustments for systematic behavior), background or base-

line estimation, test statistic formation, selection of the alert-

ing threshold, and communication of alert status. These steps

are subjects of ongoing research toward more efficient auto-

mated monitoring.35 Priority research needs that the work-

group identified included (1) methods for data

preconditioning to deal with variable late reporting issues36;

(2) adjustable, dynamic thresholds incorporating past expe-

rience and external knowledge; and (3) methods to identify

disease clusters without bias resulting from syndromic clas-

sification or jurisdictional boundaries.37

System users wish to adjust for nonstatistical knowledge

and past experience in generating or interpreting alerts.

Dynamic and adjustable thresholds are needed to incorporate

evidence such as known threats or knowledge of events in
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neighboring regions. In 2016, most automated systems

employed frequentist statistical methods. Bayesian statistical

methods could include informative prior probabilities and

posteriors reflecting computational experience and borrow

strength for realistic thresholds in sparse data situations.38,39

Improvements in processing power and computational short-

cuts enable the application of such methods. Useful devel-

opment requires epidemiologic expertise. Machine-learning

approaches for consideration include Bayesian networks and

decision trees, with or without user mediation.

4. Methods and processes for monitoring and addressing data
quality issues. Basic steps to ensure the quality of streaming

data include de-duplication, correct formatting and field place-

ment, and awareness of gaps in receipt of expected data.

Insufficient attention to these steps has led to false alarms

and can degrade sensitivity to true signals. Dashboards (ie,

graphic displays of multiple parameters) have been devel-

oped to summarize data completeness,40 but they have not

been uniformly implemented across jurisdictions.

Quality issues result from several tensions inherent in the

use of streaming data for prospective analysis. Damage to

data quality may be an accepted cost of decisions made to

optimize other aspects of the system, such as (1) transmitting

data promptly rather than performing accuracy checks, (2)

making analytic adjustments despite known data quality

issues, accepting these issues in anticipation of data improve-

ments, (3) standardizing data to minimal records to expedite

processing rather than waiting for more complete data, and

(4) insisting on uniformity in submission from distributed

agencies that have individual coding and collection practices

rather than adjusting data after ingestion. Choices among

these alternatives may affect the determination of whether

an apparent event is sufficiently anomalous to warrant fur-

ther investigation. Quality issues may distort both baseline

and current estimates.

Knowing that baselines are immature for lack of historic

data, temporarily incomplete, or discontinuous often restricts

the choice of analytic methods. Issues may result from prob-

lems with connectivity or from changes in data provider

participation, coding, and data representation (eg, elimina-

tion of free-text fields). These changes may affect all or only

some participating distributed data sources.

Analysts have attempted to adjust for late reporting,

which always has the strongest effect on the most recent data.

If denominator surrogates such as the total number of

encounters are available, regression models can adjust cur-

rent estimates.36,41-44 Models have also been applied to cor-

rect for long-term baseline trends.45

The most straightforward solution to data quality prob-

lems is assurance of up-to-date, uniform information from

providers who remain invested in the surveillance process.

Because obtaining such uniform information is not always

possible, developing analytic methods to correct or account

for data quality issues is a high research priority.

5. Processes to develop and assess syndrome definitions. The

workgroup identified 2 key needs related to syndrome defi-

nitions: (1) validation of a wider range of definitions and (2)

availability of tools to support dynamic, custom, and

impromptu syndrome formation.

A syndromic surveillance system tracks counts of records

received that have common characteristics indicative of out-

comes of interest. These categories, or syndromes, may refer

to sets of related symptoms or findings, laboratory tests for

certain conditions, web searches containing certain terms, or

billing records for a class of remedies. The syndromes used

by a syndromic surveillance system depend on the richness

of the data, the number of outcomes of concern, and the

resources available for investigation and response.

Sensitivity and positive predictive value of a syndrome

definition for cases or outbreaks of a particular outcome are

strongly influenced by syndrome classification.46 If the def-

inition is too narrow, signals of interest may be missed; if too

broad, true signals may be masked by false alarms.26

Most published studies on the accuracy and value of syn-

dromic surveillance data have addressed systems that use

chief complaints and have not used diagnosis codes, labora-

tory test results, assessment by human experts to assist with

validation, or text indicating exposures available in chief

complaint or triage note fields.47-49 Few studies have

addressed target diseases other than influenza and gastroen-

teritis. Standardization and validation of syndrome defini-

tions for numerous outcomes of interest are needed for true

cross-jurisdictional collaboration.50

Natural-language processing may be able to improve the

classification of free-text data such as chief complaints,

triage notes,51,52 and data from social media sources.53 Such

studies can be costly, and true outbreak data are rarely avail-

able for validation. Several machine-learning approaches

have been applied to optimize classification.54-56 Conclusive

validation is challenging, and these studies have yielded

mixed results.

Tools are also desired to allow rapid user-generated con-

struction, sharing, and comparison of ad hoc syndrome def-

initions in dynamic situations, using whatever data fields are

available in the syndromic surveillance records. The value of

approaches to building these tools should be assessed.

6. Predictive analytic models using surveillance data. Disease

forecasting through predictive analytic models promises to

improve public health planning and response by providing

reliable estimates of the future extent and location of out-

breaks. Trusted forecasting has the potential to adjust alert

levels and improve the timeliness of outbreak detection.

Recent high-profile outbreaks of disease caused by Ebola,

Zika, dengue, and influenza viruses have shown the impor-

tance of accurate forecasts for effective logistic and counter-

measure planning.57 Increasingly available human and

animal health data (including syndromic surveillance data),

social media data, environmental measurements, and micro-

biological and genomic data are used to seed computational
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disease-propagation models along with relevant data on pop-

ulation demographic characteristics.

Recent prediction efforts focused on influenza incidence

in major US cities58 and dengue in southeast Asia,59 using

data assimilation techniques such as traditional time series,

particle filters, and ensemble Kalman filters. For example,

Buczak et al applied association rule classification methods

to generate 1-month dengue forecasts for the Philippines.60

Forecasting methods have also been applied to noninfectious

diseases—for example, 1-week forecasting of asthma admis-

sions in Greece modeled using artificial neural networks.61

Improvements in the accuracy and availability of microbio-

logical and genetic data are enabling predictions by merging

rapidly advancing technologies.62 Disease forecasting holds

the potential for improving outbreak response by providing

early predictions of incidence, hospitalization, and other out-

comes that will allow decision makers to marshal resources

and personnel in a timely manner.63 Future improvements in

data quality and variety, modeling methods, and validation

are needed to improve the reliability and spatial resolution of

model-derived forecasts.64

Informatics

7. Methods to process, categorize, and code unstructured data in
electronic health records. Unstructured narrative text requires

categorization for syndromic surveillance. Research is

needed to develop automated processes to improve the valid-

ity, efficiency, and cost of these methods. English-language

vocabulary sets such as the Unified Medical Language Sys-

tem65 should be mapped to public health concepts for more

efficient concept recognition.66 Flexible processes for cate-

gorizing unstructured data will facilitate surveillance in

unique situations and for emerging public health issues.

Current syndromic surveillance systems focus on key-

word searches of chief complaints. However, the usefulness

of this approach is limited by the changing language used by

health care providers. For example, novel terms (“tailgate

party,” “flakka”) may indicate a foodborne outbreak or a new

illicit substance.67 Methods for complex parsing of negated

concepts are needed to support coding validity.68 Negated

terms such as “denies fever and cough” need to be recog-

nized and handled appropriately. Processes for coding narra-

tive text are needed for languages other than English, to

improve comparability of syndromic surveillance data when

different languages are in use. Text in various languages may

also reflect different conceptualizations of symptoms, syn-

dromes, and diseases.

8. Methods to assess the added value of new data sources and
data elements. Adding new data sources or data elements to a

syndromic surveillance system has associated costs. These

costs are incurred to develop the capability to acquire and

work with data from a new source; recruit, implement, and

maintain each data provider; and process, monitor, and

respond to the new data.69 Similar tasks are completed when

new data elements are added to existing data streams. Costs

are also incurred in training staff members when new data are

made available. Methods are needed to determine the added

value of new sources and elements compared with their cost.

The utility of some novel data streams in detecting out-

breaks or supporting situational awareness has been estab-

lished.70-81 Syndromic surveillance managers must consider

value and cost in deciding whether to include these and other

novel data streams. Acceptance of the cost and complexity of

incorporating such data types requires quantifying their

incremental value.

In resource-limited settings, system limitations on the

collection of additional data of sufficient quality82,83 may

affect the ability to conduct surveillance. However, imple-

mentation of lean, flexible systems may be easier when there

are no fixed costs in the existing infrastructure. Collection of

high-quality data has been achieved on a site-specific basis84

by targeting resources and training, which is more feasible

with sentinel sites.

To monitor intervention programs in situations in which

sentinel sites are the only source of high-quality data, meth-

ods are needed to decide on the most appropriate sentinel site

placement. Better methods are also needed to use sentinel

site data to estimate population-level trends.

Systems Research

9. Standardized methods to validate and evaluate syndromic
surveillance systems. Syndromic surveillance system evalua-

tion should be a scientific discipline with standardized meth-

ods and replicable and transferable findings. Documents

from the Centers for Disease Control and Prevention have

identified key attributes for surveillance system evaluation,

including for syndromic surveillance,11,12 but standard meth-

ods for measuring the performance of working systems on

those attributes are lacking. Such methods could be used to

compare system performance levels with one another and

with external standards.

Methods are needed to estimate negative predictive value:

how small an event can be reliably detected? Similarly, stan-

dardized methods are needed to measure and assess the use-

fulness or value of a syndromic surveillance system for

situational awareness as well as early detection.

For event detection, systems need to be evaluated against

standard data sets with known, labeled events and against

data sets in which events have been injected into authentic

background data. Simulation approaches should be adopted,

standardized, and implemented at the population level (eg,

by injected counts) and at the individual level (eg, with syn-

thetic records generated by agent-based behavior and trans-

mission models that produce records corresponding to the

model outputs).

Research is needed to better understand the representa-

tiveness of ED-based syndromic surveillance compared with

actual population-level acute illness experience and how it

varies by period, geographic region, or demographic
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group.85,86 Incomplete understanding of representativeness

and sensitivity has limited the use of census data as denomi-

nators in estimating rates.

Standard methods are also needed to assess qualitative

attributes, such as usefulness and acceptability, and to

calculate the costs of designing, building, implementing, and

operating systems.

10. Decision support methods for public health surveillance.
Technical and organizational challenges converge in

decisions about public health surveillance systems. In this

situation, rules of thumb and experience are not sufficient

to steer strategic and operational decisions. Decision support

mechanisms are therefore required to address analytic and

organizational complexities arising from the use of syndro-

mic surveillance approaches.

Decision support mechanisms have roles in public health

surveillance planning, development, functioning, and eva-

luation. They can be used to decide on the best sample and

data logistics and the best resource structure to maintain

overall public health surveillance capability.

Comprehensive decision support mechanisms have been

developed in other areas, such as environmental sciences,87

and are the subject of ongoing research and development for

public health surveillance. Given constrained resources, lim-

ited evidence, and prevailing risks, such comprehensive

methods can inform the best surveillance alternatives in a

portfolio fashion and systematically address biases.

In addition to assessing the decision quality contributed

by the decision support mechanism via forward-looking

metrics that track value delivery, other attributes can be

monitored to gauge the acceptability of the decision support

mechanism and, ultimately, its institutionalization and align-

ment with public health surveillance objectives. Desirable

qualities to monitor during decision support mechanism

development and implementation would include (1) a clear

description of the assumptions, uncertainties, constraints,

and values that inform the decision support mechanism; (2)

an engaging interface with users; (3) a module-based and

scalable architecture; (4) flexibility to allow specification

of varying contexts; (5) key stakeholder engagement during

the planning stage; (6) efficient processes for evidence gath-

ering and functioning of the decision support mechanism; (7)

a repository of decisions and associated outcomes to support

future analyses and validation of decision support mechan-

ism outputs; and (8) consideration of synergies and intero-

perability with other current and planned decision support

mechanisms, as part of an overarching strategy to promote

flexible and adapting architectures.

Syndromic surveillance presents optimization problems

because of the need to prioritize objectives and multiple

constraints on human and technology resources. Resource

allocation efforts have included optimized reporting net-

works88 and optimal data provider recruitment.89 Few formal

sampling strategies for detection have been published.90 A

lack of research on meeting needs for efficient use of scarce

resources is attributable to limited public health funding and

to varying surveillance environments. The combination of

evolving public health threats and increasingly complex data

sources without concomitant growth in the epidemiologic

workforce highlights the need for this research.

Communications

11. Communication methods, processes, and tools to inform
decision making. To meet the needs of decision makers, syn-

dromic surveillance communication must go beyond simple

dissemination of alerts, which may be misinterpreted.

Inclusion of contextual information will help to ensure that

decision makers fully understand the meaning of the com-

munication. Decision makers also need information about

the properties and performance of the surveillance system.

Research is needed to more clearly define the current and

emerging information needs of decision makers at different

levels of public health. However, engaging decision makers

in processes aimed at defining their needs can be a chal-

lenge for surveillance practitioners for many reasons,

including differences in the concepts and terminology of

the 2 groups and differences in understanding surveillance

systems and information. If common ground can be found,

the benefits will be substantial because it will allow syn-

dromic surveillance practitioners to modify their syndromic

surveillance systems to meet the emerging information

needs of decision makers.

Participatory research approaches91-93 should be used to

engage syndromic surveillance practitioners, communication

experts, and information users in a continuous process in

which user needs are constantly redefined and used to

improve syndromic surveillance information production and

communication. Research is needed to identify potential new

syndromic surveillance users, explore their needs, and mod-

ify syndromic surveillance communication to meet them.

Research aimed at overcoming language, ethnic, profes-

sional, institutional, and other social barriers will be needed.

Communicating syndromic surveillance alerts directly to

the public could be very useful, especially during times of

crisis. The risk of misinterpretation is substantial, however,

and sociological research is needed to understand the conse-

quences of direct public syndromic surveillance alert

communication.

Routinely used communication networks will be familiar

to stakeholders. In times of crisis, these networks will need to

be quickly expanded to include new, less familiar stake-

holders. Communication networks should also be studied

to determine their resiliency and responsiveness during times

of crisis and to identify the networks needed for different

types of crises.

12. Effective strategies for building workforce competency in
syndromic surveillance practice. Conducting syndromic sur-

veillance, a highly technical process, has not yet been fully

optimized to effectively and efficiently meet user needs.
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Research is needed to explore the full value for a variety of

users of information that could potentially be produced by

syndromic surveillance and the most efficient ways to

deliver it.

Researchers who specialize in information system

application design should evaluate syndromic surveillance

applications and optimize them for specific user groups.

They could, for example, identify underused system compo-

nents and determine why they are underused or evaluate

keystroke patterns used most frequently, with the aim of

reducing keystrokes and improving user performance. Better

training materials and methods are also needed. These train-

ing materials and methods could include the development of

simulation training pilots and stand-alone training modules

that help users develop core competencies needed to operate

syndromic surveillance systems. They should be developed

to meet the needs of practitioners in disciplines including

human, animal, and environmental health (Box).

Limitations

This study had several limitations. First, most proposed

research topics were received from practitioners and

researchers in the United States and other developed coun-

tries. Thus, the recommendations may not fully reflect the

research needs for syndromic surveillance in resource-

limited settings. Some of the recommended research topics

(Nos. 2, 3, 8, 11, and 12) are more important than the other

research topics in resource-limited settings.

Second, we solicited research topics from syndromic

surveillance practitioners and researchers who are active in

or members of ISDS. We did not solicit topics from

employees in public health and emergency response who are

likely to be consumers of syndromic surveillance products

but are not affiliated with ISDS. Their perspectives may not

be explicitly represented. The utility or value of syndromic

surveillance data to decision makers was nonetheless

addressed in most research topics. The workgroup assumed

that modifications to syndromic surveillance systems that

increase the representativeness, accuracy, richness, timeli-

ness, sensitivity, and/or positive predictive value of data or

activities that improve the skills of practitioners or the qual-

ity of presentations of data could only improve the data’s

usefulness to decision makers for event characterization and

event detection.

Last, we requested research topics related to syndromic

surveillance rather than to the early detection of outbreaks,

situational awareness, or other purposes, which may have

limited the diversity of topics submitted.

Public Health Practice Implications

In the past 15 years, the development of syndromic surveil-

lance methods into an established part of the surveillance

portfolio of many public health agencies has been an itera-

tive process involving researchers and practitioners in many

disciplines. Our compilation of research topics, initially

identified by practitioners and refined by a group of subject

matter experts in the field of syndromic surveillance, can be

used by academic researchers to identify questions of direct

importance to public health practice. It can also be used by

funding agencies to help set priorities for surveillance-

related research funding. Finally, it can be used by

Box. Top 12 areas of research needed to advance the practice of syndromic surveillance, as identified by a workgroup

comprising International Society for Disease Surveillance members, February to June 2016. Priority areas are not ranked

by relative importance to public health practice. Topics inherently overlap across syndromic surveillance domains.

Priority Areas in Syndromic Surveillance in Need of Research to Enhance Public Health Practice
Analytics

1. Methods and systems to support the fusion of various types of data.
2. Methods to adapt syndromic surveillance approaches and systems to changing needs.
3. Enhanced and adaptive detection algorithms.
4. Methods and process for monitoring and addressing data quality issues.
5. Processes to develop and assess syndrome definitions.
6. Predictive analytic models using surveillance data.

Informatics
7. Methods to process, categorize, and code unstructured data in electronic health records.
8. Methods to assess the added value of new data sources and data elements.

Systems research
9. Standardized methods to validate and evaluate syndromic surveillance systems.

10. Decision support methods for public health surveillance.
Communications

11. Communication methods, processes, and tools to inform decision making.
12. Effective strategies for building workforce competency in syndromic surveillance practice.
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practitioners to guide their interactions with research part-

ners and their funding agencies.

The topics identified in this process overlap with those

identified by Uscher-Pines et al in their 2010 syndromic

surveillance research agenda. They summarized their top 3

questions as follows: “(1) How should different types of

evidence and complementary data systems be integrated

(merging data, visualizations)? (2) How can syndromic sur-

veillance best be used in an electronic medical record envi-

ronment? and (3) What criteria should be used to prioritize

alerts?”13 All 3 questions are still recognizable among the 12

priorities we identified.

Our report places less emphasis on prioritizing alerts and

on the alerting function in general than the 2010 research

agenda. Since 2010, it has become increasingly clear that

public health practitioners value syndromic surveillance

methods for day-to-day situational awareness beyond early

warning. Among these benefits are characterizing an event

(often learned about in other ways) by time, place, and per-

son; following the trajectory of the event over time; and

detecting likely individual cases of diseases of concern for

further investigation. Practitioners are also increasingly

interested in uses of syndromic surveillance methods to

understand injury and chronic disease issues in their commu-

nities in close to real time, without having to wait for hospital

discharge data, complete mortality data files, and population-

based survey data to become available. Other benefits

include rumor control, corroboration or rule-out of clinical

suspicions, and understanding the burden of severe weather

and other catastrophic events. Practitioners would like to see

the development and validation of methods and tools that

will improve their ability to use these data in such ways.

The first priority question from Uscher-Pines et al corre-

sponds to the top-mentioned research priority in the current

process: methods and systems to support the fusion of vari-

ous types of data.13 It became clear during the deliberations

of our expert group that although several existing or emerging

methods show great promise for presenting a fusion of data

from multiple sources to the end user, a gap between the

research (and its results) and syndromic surveillance practice

remains. Practitioners are generally interested in research that

results in tools that can be put to use in existing syndromic

surveillance systems without excessive wait time, that will not

require additional processing power, and that will produce

readily understandable and actionable displays of surveillance

information for practitioners and decision makers.

Looking ahead, exciting opportunities exist to arm public

health practitioners with the data and information they need

for decision making using near–real-time syndromic surveil-

lance approaches. The steps that we identified included

expanding health topics addressed by syndromic surveillance

methods; integrating information from nonhuman sources

with information from humans; using syndromic and other

data to make predictions about the course of outbreaks or other

public health events; implementing flexible, inexpensive syn-

dromic surveillance in resource-limited settings; making more

effective use of electronic health records in richer countries;

strengthening uses of syndromic surveillance to address all

types of hazards; making improvements in validated training

methods; and generally building and expanding on existing

relationships between researchers and practitioners to further

research with direct public health relevance.
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