
Introduction:

Syndromic surveillance is defined by the Centers for Disease Control and Prevention (CDC) as “public health surveillance that emphasizes the use of near “real-time” pre-diagnostic data, primarily from emergency departments, and statistical tools to detect and characterize unusual activity for further public health investigation or response”. [1] These data tend to be the most often provide timely health information available to inform public health action. The availability of these data may be available on the same day as a  patient visit or the following day, depending on technology available to the health agency.  Although systems differ, a “syndrome” is frequently defined by a combination of keywords and diagnostic codes. Chief complaint data can be queried to identify words that are suggestive of a certain type of illness.  In some cases, diagnostic codes may be available in the data set, though usually in subsequent updated records.


The goals of this appendix are to (1) provide a set of recommended key words (inclusionary and exclusionary) to build a syndromic surveillance (SyS) query for the detection of carbon monoxide poisoning (COP) , and (2) provide guidance to public health professionals as they adapt the query and implement a COP SyS program in their own jurisdictions. 

[bookmark: _bookmark2]A  CSTE COP SyS Workgroup convened to develop this Appendix following the approval of the revised COP Position Statement in June 2018.  The WorkgroupIt reviewed literature on SyS and CSTE documents developed by the CSTE Heat Syndrome Workgroup (part of the CSTE Climate Change subcommittee). It then compiled COP SyS definitions used in workgroup members’ respective states and by the CDC National Syndromic Surveillance Program’s (NSSP) BioSense Platform and its front-end Electronic Surveillance System for the Early Notification of Community-based Epidemics (ESSENCE). (Attachment 1)

[bookmark: _bookmark3]Terms from the NSSP and each state’s syndrome query were compiled and merged, including key terms to include and exclude, to make recommendations as a standard COP syndrome query for states to develop and validate. In addition, the NSSP and some states have developed specialized COP SyS queries to address regional events such as hurricanes, which impact on the occurrence of COP.[footnoteRef:1]  [1:  See references 4-8 in the Position Statement. ] 


[bookmark: _bookmark4]The merged COP query 

The COP query searches the chief complaint text field for specific COP-related terms.  This document focuses on Emergency Department data.  However, it could be adapted to inpatient, urgent care, ambulatory care, inpatient and other patient encounter datasets.  Some states have access to ICD-coded data for each patient encounter through their SyS systems. They should refer to Appendix 2 for the list of relevant ICD codes.  The inclusion criteria in Table 1 should retrieve most of the COP cases in the systemSyS, but may also return non-COP-related cases. To make the query more specific, the exclusion terms should be included in the query.










Table 1. Inclusionary and Exclusionary Key Words for the COP syndrome query


	INCLUDED KEY WORDS:
Note some states use all lower case instead of all upper case, and some add a wild card character before and/or after each key word.
	EXCLUDED KEY WORDS (used to exclude unrelated complaints and CO poisoning from suicides, wildfires, building fires, etc.)

	(‘CO POI’ or ‘CO PIO’) and (not IVY) 
	ACID

	(EXP and CO) and (not ‘PT CO’)
	ALCOHOL

	C O 2 EXPOS
	ASBE

	C O EXPOS
	BAT

	C O POIS
	BITE

	CARB MONO
	BLOO

	CARBN MONOX
	BURN 

	CARBON
	CHEM

	CARBON DIO
	CLEA

	CARBON MONO
	COLD

	CARBON MONOXIDE
	COMMU

	CARBON MONOXIDE EVAL
	CROUP

	CARBON MONOXIDE EXPO
	DENT

	CARBON MONOXIDE POISON
	DRUG

	CARBONOXI
	EMP

	CO
	ETO

	CO 2 EXPOS
	EXHAUSTED

	CO 2 POIS
	EXHAUSTION

	CO EXP
	EYE

	CO EXPO
	FIRE 

	CO EXPOS
	FLUI

	CO EXPOSURE
	FOOD

	CO INH 
	FUME

	CO INTOX
	HIV

	CO PIO
	HOUSE

	CO POI
	HYDRO

	CO POIS
	INF

	CO POISONING
	IVY

	CO2
	LEAD 

	CO2 EXPO
	MENIN

	CO2 EXPOS
	METH

	CO2 POIS
	MOLD

	COEXP
	MUMP

	COINTOX
	NEEDL

	COPOIS
	OCC

	COPOISONING
	PEPP

	DIOX
	PERO

	DUE TO CO
	PERTUS

	EXHAUST 
	POWD

	EXHAUST GAS
	PSYCH

	EXPOS
	RABI

	EXPOS and CO
	RADIA

	INHAL and CO
	RASH

	MINOX
	RAT

	MONOX
	RSA

	MONOXIDE
	SCAB

	OXIDE
	SELF 

	POISON
	SHARP

	POISONING
	SHING

	POSSIBLE and CO
	SMOK

	SMOKE INHAL
	SMOKE

	TOX EFF CARB
	STD

	TOXIC FUME
	STI

	
	STREP

	
	SUICID

	
	SUN

	
	SYPH

	
	TB

	
	TOXI

	
	WHOO

	
	WORK




[bookmark: _bookmark5]from definitions used by CDC, Essence, KS, KY, MI, NC, NJ, PA, OR, and VT 
Compiled July 2018 for CSTE by Albert Donnay, albert@donnaydetox.com

Steps for implementing COP SyS in practice

1. Determine a data source and method for searching clinical records

This query was developed for ED visits but was designed to be flexible. Some jurisdictions have access to inpatient hospital records or other clinical data sources. It is possible that the query could be adapted to identify COP in other sources of clinical data that use free text, such as nurse hotlines, emergency medical services (EMS), and poison control center notes.

A syndromic surveillance systemSyS will be needed to search for text and/or diagnosis codes within a clinical dataset and to produce output including charts and tables and line listings.  The BioSense Platform (CDC, National Syndromic Surveillance Program) uses ESSENCE (The Johns Hopkins University Applied Physics Laboratory).[footnoteRef:2]  Some jurisdictions have syndromic surveillance systems that also use ESSENCE or are specific to their state or local health department. [2:  The BioSense Platform hosts integrated, standardized software tools shared across a cloud-based computing environment. One can collect data, analyze public health indicators, and, most importantly, share data and results. All tools are user-selected and tested. ESSENCE, developed by Johns Hopkins University (JHU), is the platform’s primary syndromic surveillance tool, and practitioners across the surveillance community have used variations of ESSENCE successfully for years. NSSP’s version of ESSENCE lets one collaborate with others across geopolitical boundaries to share data, which gives you a more accurate surveillance picture. (www.cdc.gov/nssp/biosense/index.html)] 


Each syndromic surveillance systemSyS will have different methods for building a query.  For example, BioSense includes applications where either R code or MySQL programming language may be used to query data. Other jurisdictions may query data with SAS or other software. Refer to documentation within the agency to determine appropriate querying methods.

2. Validate the query with local data

Accuracy of syndromic surveillance case definitions

One way to check a syndrome query’s accuracy is to compare ED visits identified by the query with the final diagnosis assigned after the visit (for those systems with ICD codes as well) and calculate the positive predictive value (PPV).  Chief complaints often represent a patient’s self-diagnosis, which may lack accuracy compared to a more formal evaluation by a healthcare professional. Therefore, syndrome queries that do not include ICD codes and rely solely on chief complaint text, tend to have misclassification and low PPV. [2]  Despite this potential for individual misclassification and lower PPV, syndromes may have a similar temporal pattern to visits observed in emergency department and hospital discharge data. [3]

The PPV of a syndrome may vary due to the frequency and complexity of the condition under surveillance, characteristics of the population, and the timing or setting of the study.  When a syndrome was less prevalent, PPV was also lower.  Guasticchi, et al. found higher PPV between a syndrome and final diagnosis when the signs, symptoms, and exposures histories of a condition were less complex. [2]  A study by Cadieux, et al. concluded that chief complaints and physician claims were more correlated when physicians treated several patients for the same syndrome in a short time period, as would happen during an extreme heat event. [4] In the same study, PPV was higher for less complex patients, which were defined as those who were younger and those who were less socially deprived.

Data Validation

Depending on local conditions and priorities, jurisdictions may elect to utilize or modify the queries provided in this document. Users of this document should validate each syndrome with their own local data to assess their accuracy and utility. There are several options for validating syndrome definitions, a few of which are briefly described below.

Review syndromic surveillance records

One strategy is to manually review records identified with syndromic surveillance.  Analysts can review the full text in the chief complaint field and diagnostic code (if available) and make an informed judgment as to whether or not it meets their case criteria.  Discharge diagnosis codes may not be available, or may only be available in a subset of syndromic records.  If ICD codes are available, analysts can evaluate the PPV, sensitivity, and specificity of syndromes by comparing cases identified using chief complaint algorithms with the associated ICD discharge code. [3]  While manual review of chief complaint data without associated diagnostic codes may be the only tool available in a timely fashion for some jurisdictions, it should be noted that the review may be subject to misclassification.  Due to the nature of categorizing ED complaint data, these visits likely will not represent all potential cases of COP and may include non-COPt-related illnesses.  However, if the contribution of “noise” or error is not excessive, then the data can be used as an indicator of COP and help describe trends in illness over time.

Comparison with emergency department or hospital discharge data

Syndromes can also be validated by comparing cases identified using syndromic surveillance to those identified in hospital discharge data over the same time period.  This could be done with 1) individual- level matching of cases, 2) time-series correlation without lag, 3) calculation of the positive predictive value, sensitivity, and specificity of syndromes by comparing with hospital discharge data, and/or 4) an assessment of the relationship between daily counts across data sources to determine if they follow the same temporal pattern and whether they have similar relationships to weather conditions. Understanding the number of cases identified in syndromic data in relation to hospital discharge data can also help analysts understand the extent of under- or over- counting of heat illnessCOP when they are using syndromic surveillance in near-real time.

Comparison with medical chart data

Validation of chief complaint data can also be done by reviewing medical charts to identify whether the same syndrome stated in the chief complaint is present in the medical chart. The methods for this comparison could be similar to those used for comparing cases identified using syndromic surveillance with hospital discharge data mentioned above. Validation using medical chart data may compensate for diagnostic coding errors or diagnostic coding differences among health care providers and lead to increased accuracy of predictive values of syndromic case definitions.

3. Decide how often the query will be run and analyzed by the public health agency

Agencies must decide how frequently they will run the query and interpret the data. This will vary depending on the agency’s geographical region, relative historical climate, and public health priorities of a given jurisdiction.  For example, some agencies may monitor COP throughout the year, and others may elect to monitor the data more closely during natural disasters that cause power outages, when the risk of COP is greater.  This is described in Potential Uses of the Data section below.

4. Decide how the resulting dataset will be analyzed

Methods for analyzing the COP data include: producing descriptive summary statistics to summarize demographics and risk factors for COP cases to time-series analyses; monitoring trends over time (vertical bar chart of case counts by day or week); comparing current trends to historical trends using similar time frames from previous years; time-series analysis of COP; or time-series correlation of COP incidence data with interrupting disaster events.

Syndromic data may also be used to generate line listings of cases, which can be used to identify individual patients, obtain medical records, and perform an in-depth review. However, it may be difficult to obtain a medical chart.  COP is not a reportable condition in some states.   Before requesting records, check local policies and data use agreements between the public health agency and the submitting facility.

[bookmark: _bookmark8]Limitations
There are limitations to using a pre-defined case definition. While using keywords in an SQL statement represents a quick and straightforward way of retrieving records, an un-evaluated pre-defined case definition has some serious limitations that can affect the value of the retrieved information.  In many cases the PPV of the query is low.  In addition, this technique does not allow the user to systematically detect when new words or codes have been introduced into the reports, which could degrade the effectiveness of the queries. This can be alleviated by continually assessing and adjusting the query statement and the keywords, but this process may be labor intensive.  In addition, this technique does not allow the user to systematically detect when new words or codes have been introduced into the reports, which could degrade the effectiveness of the queries.
	Comment by Stanbury, Martha (DHHS): Keep this paragraph –( all from the Heat syndrome document)? 
[bookmark: _GoBack]An alternative to using SQL or SAS queries based on pre-defined keywords is to use machine  learning (ML) algorithms. These algorithms allow a greater flexibility in defining the syndromes because the key features are determined by the computer algorithm once it has been trained.  In order to train an ML algorithm, one needs to feed clearly defined and labeled cases to the machine, such as those identified by the current algorithm.  Some conditions are so rare and clear cut that a simple keyword search statement is sufficient to provide all the information needed.  However, because syndromic surveillanceSyS  technology is constantly improving, and artificial intelligence, machine learning and other data mining techniques may improve accuracy and efficiency. [5-12]  Further, natural language processing (NLP) could help account for “negation terms” that negate nouns or verbs (e.g., “denies carbon monoxide exposure”).

[bookmark: _bookmark9]
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