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ABSTRACT 
 
 
 
 

 Foodborne illnesses continue to have a negative impact on the nation’s health, 

accounting annually for an estimated 76 million illnesses, 325,000 hospitalizations, and 

5,000 deaths in the United States.  Syndromic surveillance systems that analyze pre-

diagnostic data, such as pharmaceutical sales data are being used to monitor diarrheal 

disease.  The purpose of this study is to evaluate the usefulness of a poison control center 

(PCC) data collection and triage system for early detection of increases in foodborne 

illnesses. 

 Data on calls to the Arizona Poison and Drug Information Center (APDIC) 

reporting suspected foodborne illnesses, and Pima County Health Department (PCHD) 

enteric illness reports were obtained for July 1, 2002 – June 30, 2007.  Prediction 

algorithms were constructed using the first two and a half years, and validated in the 

remaining two and a half years.  Multiple outcomes were assessed using unadjusted and 

adjusted raw counts, five and seven day moving averages, and exponentially weighted 

moving averages.  Sensitivity analyses were conducted to evaluate model performance.  

Increases in PCHD laboratory reports of enteric illnesses were used as a proxy measure 

for foodborne disease outbreaks. 

 Over the five year study period there were 1,094 APDIC calls reporting suspected 

foodborne illnesses, and 2,433 PCHD enteric illness cases.  Seventy-five percent of cases 

were reported to PCHD within 23 days of symptom onset.  In contrast, 62% of callers 

contacted APDIC within 24 hours of symptom onset.  Forty percent of PCHD cases were 
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missing symptom onset dates, which necessitated constructing and validating predictive 

algorithms using only those PCHD cases with known symptom onset dates.   

 None of the prediction models performed at sensitivity levels considered 

acceptable by public health department standards.  However, it is possible that a temporal 

relationship actually exists, but data quality (lack of outbreak dates, and missing 

symptom onset dates) may have prevented its detection.  The study suggests that current 

surveillance by PCCs is insufficient as a univariate model for syndromic surveillance of 

diarrheal illness because of low caller volume reporting suspected foodborne illnesses; 

this can be improved.  Methods were discussed to utilize PCCs for active surveillance of 

foodborne illnesses that are of public health significance. 
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CHAPTER I 
 

INTRODUCTION 
 
 
 
 

1. Purpose 

 The goal of this dissertation is to evaluate the usefulness of a poison control 

center data collection and triage system for early detection of increases in foodborne 

illnesses.  Objectives included the development and validation of a predictive algorithm 

that can utilize poison control center data to more rapidly detect increases in reports of 

suspected foodborne illnesses.   

 Investigation of foodborne illnesses in Pima County (2005 population, 946,362), 

Arizona, is primarily the responsibility of the Pima County Health Department (PCHD), 

which operates a traditional public health foodborne disease outbreak surveillance 

system.  All suspected and laboratory enteric cases reported to PCHD by health-care 

providers, laboratories, and all restaurant complaint calls received by PCHD are 

investigated.  The Arizona Poison and Drug Information Center (APDIC) provides case-

specific treatment and referral information to callers who complain of foodborne illness.  

APDIC evaluates complaints received independently of PCHD. 

 
2. Explanation of the Problem 

 Increased concern for public safety and the risk of emerging infectious diseases 

has prompted interest in the development and implementation of syndromic surveillance 

systems.  The aim of these systems is to enhance traditional public health surveillance 
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systems by collecting and analyzing real-time (i.e., instantaneous) or near real-time data 

(i.e., within a few hours) on symptoms from non-traditional sources (e.g., pharmaceutical 

sales or school absentee records) before laboratory confirmation of an illness is received 

(1-7).  By focusing on trends or unexpected patterns in data, syndromic surveillance 

systems might assist public health authorities in detecting outbreaks more rapidly than 

can be performed using traditional public health surveillance systems (8,9).  The Centers 

for Disease Control and Prevention (CDC) has estimated that over 100 public health 

departments are using syndromic surveillance systems (10,11), for example, to monitor 

diarrheal disease or influenza-like symptoms (through pharmaceutical sales data) (4-6,12) 

and influenza-like illness (through emergency medical services dispatch records) (13) and 

to detect outbreaks of illnesses that might be infectious or related to a biologic terror 

attack (through data on emergency department and urgent care visits) (14-22).   

 Foodborne illnesses continue to have a negative impact on the nation’s health, 

accounting annually for an estimated 76 million illnesses, 325,000 hospitalizations, and 

5,000 deaths in the United States (23,24).  The annual financial cost for medical care and 

productivity loss from the major foodborne pathogens is estimated to range from $6.5 to 

$34.9 billion dollars (25).  Increased concern for public safety and emerging infectious 

diseases has prompted interest in enhancing traditional public health surveillance 

systems.  Public health departments are responsible for detecting, managing, and 

preventing foodborne disease outbreaks.  New partnerships among public health 

departments, and emergency departments, hospitals and ambulatory health care centers to 
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conduct syndromic surveillance are currently being developed as a means of enhancing 

surveillance systems (4,13,15,17-19,26). 

 Traditional foodborne disease outbreak surveillance systems utilize passive 

surveillance systems to detect suspicious clusters of foodborne illnesses or outbreaks, i.e., 

laboratory or physician reports.  Yet only 8% of symptomatic persons seek medical care, 

and only a small proportion of those seeking care receive diagnostic testing to determine 

an etiology for their illness (27,28).  Reliance on case reports could make detecting 

outbreaks difficult because of under utilization of diagnostic testing, and/or interference 

with outbreak detection efforts because of delays in receiving laboratory reports.  The 

CDC estimates that 38 cases of salmonellosis occur for every case that is reported to the 

public health department (23,29-32).  A recent survey of state and territorial health 

department capacity to investigate foodborne disease by the Council of State and 

Territorial Epidemiologists reported that delayed notification of case reports was the most 

frequent reason (83%) for not investigating foodborne disease outbreaks (33).  Active 

surveillance is beyond the budgetary scope of state and local public health departments.  

Additionally, only 15% of public health departments are conducting syndromic 

surveillance for diarrheal disease (33). 

 The key to minimizing harm resulting from foodborne illness is through the early 

detection of disease and subsequent interventions aimed at preventing its spread.  The 

CDC has challenged public health departments to examine mechanisms to enhance 

surveillance systems through partnerships that can assess and analyze real-time data. 

Partnerships with poison control centers may be an effective opportunity to enhance 
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surveillance systems as they operate 24 hours a day, collect real-time symptomatic data 

from callers who seek information on foodborne illness, and provide treatment advice, 

and referral assistance before callers seek care from a health care provider or emergency 

room.  A recent Institute of Medicine report underscored the need to integrate poison 

control center networks with the public health system to improve surveillance systems 

(34).  However, before integrating poison control center and health department 

surveillance systems, more knowledge of the prevalence of foodborne illnesses, quality 

and comparability of the data available, and the temporal relationship between poison 

control center calls and public health department laboratory case reports is needed.   

 Traditionally, poison control centers have been utilized by the communities they 

serve for treatment and referral advice following acute exposures (e.g., toddler ingests an 

adult’s medication), and typically not for surveillance of infectious diseases.  However, 

poison control centers have been used by the community and health care providers for 

treatment advice and referral information for more serious foodborne illnesses.  For 

example, in 2003, the New England Poison Control Center collaborated with emergency 

department providers, and the public health department to evaluate a cluster of persons 

seeking emergency care for foodborne illnesses following a church supper; symptoms 

were unusual and more severe than typically seen in the emergency department.  

Contaminated coffee with arsenic was identified as the etiologic agent (35).  In addition, 

poison control centers have been utilized for surveillance of hazardous materials 

incidents, and evaluated for the type of hazardous incidents they triaged, and the process 

used to collect information and evaluate hazardous exposures (36).   
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3. Specific Aims 

 Poison control center databases collect syndromic data, and the database may not 

collect the type of data needed for foodborne illness surveillance.  The non-specific 

nature of the data (gastrointestinal syndrome consists of common symptoms including 

nausea, vomiting and diarrhea that may be connected to conditions other than foodborne 

illness) may present a challenge for automating algorithms for the early detection of 

foodborne illnesses.  No other reports evaluating poison control centers for syndromic 

surveillance of foodborne illnesses were found in a review of the literature, except for 

previous publications utilizing the APDIC database (37,38).  To address these needs, this 

research study seeks to study the utility of a poison control center database for early 

detection of foodborne disease outbreaks.  Specifically, the study’s specific aims are to: 

1. Compare quality of data from the poison control center database and the public 

health department database. 

2. Develop a range of prediction models for detecting public health department case 

reports of enteric illnesses on the basis of calls to the poison control center 

reporting suspected foodborne illnesses. 

3. Validate the prediction models by applying them to independent data, and test 

data, and test their robustness using sensitivity analyses. 
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CHAPTER II 
 

LITERATURE REVIEW 
 

 
 
 
1. Foodborne Diseases  

 Foodborne disease results from consuming contaminated food or beverage (23,29-

31).  The CDC estimates that there are currently more than 250 foodborne diseases 

(23,29-31).  Food may be contaminated by viruses, bacteria, parasites, toxins, prions, and 

chemicals.  The most common foodborne diseases are caused by the following bacteria: 

Campylobacter, Salmonella, and Escherichia coli 0157:H7, and the calicivirus, also 

referred to as the norovirus and Norwalk-like viruses (23,30-31).  Suspected foodborne 

diseases of unknown etiology can be characterized by their incubation period:  < 1 hour, 

probable chemical poisoning or intoxication; 1-7 hours, probable Staphylococcus aureus 

or Bacillus cereus food poisoning, 8-14 hours, other agents; and  ≥ 15 hours, other agents 

(24). Foodborne diseases are diagnosed through a variety of laboratory tests. 

 Most cases of foodborne diseases are self-limiting with symptoms lasting one or 

two days.  The most common symptoms associated with simple foodborne poisoning are 

nausea, vomiting, diarrhea, and abdominal pain.  Foodborne illness can be serious and 

life threatening.  Individuals who are very young, old or have weakened immune systems 

are at greatest risk of developing a serious illness.  For example, illness resulting from E. 

coli 0157:H7 causes severe bloody diarrhea with painful abdominal cramps.  The CDC 

estimates that 3-5% of these cases are complicated by hemolytic uremic syndrome, which 
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can occur several weeks after the initial symptoms and can be fatal for the young, old, 

and those with compromised immune systems (23,29-31).   

 
2. Foodborne Disease Outbreaks   

 A foodborne disease outbreak is characterized as two or more cases of an illness 

that results from a common food source (24).  The etiology of a foodborne outbreak is 

not always known.  Historically bacterial pathogens were the cause of most outbreaks and 

infections of known etiology (24,30,39,40).  However, in recent years, 62% of reported 

foodborne disease outbreaks were of an unknown etiology, demonstrating the need for 

improved epidemiologic and laboratory investigations (35). 

 
3. Foodborne Disease and Bioterrorism  

 Although foodborne illnesses are usually the result of naturally occurring events, 

such as food production, preparation, or storage, they have also been caused by deliberate 

contamination.  Such acts have the potential to cause widespread harm (27).  For 

example, in 1984, a religious cult deliberately contaminated 10 restaurants with 

Salmonella in an effort to influence local voter turnout (41).  This bioterrorism act 

resulted in 751 cases of Salmonella gastroenteritis.  Forty-five of theses cases (6%) were 

hospitalized with no fatalities reported (41).  More recently, 16 of 27 persons (59%) 

attending a meeting following church services became acutely ill following ingestion of 

coffee contaminated with arsenic; one individual died as a result of the exposure (35).   

 Even though historically there have been isolated reports of deliberate food 

contamination, foodborne illness is high on the list of potential threats to national 
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security.  This is because biological weapons are inexpensive, easy to produce and can be 

disseminated over a large geographic area (42,43).  Subsequent foodborne illness would 

be difficult to diagnose and treat since current passive surveillance systems would not 

detect that an attack has occurred for at least six to eight days.  The under detection of 

foodborne illness by passive surveillance systems has been recognized for some time 

(44,45).  For example, in 1994, despite local and national press coverage of an 

investigation into a nationwide outbreak of salmonellosis from ice cream, only 0.3 

percent of an estimated 200,000 cases were actually reported to public health departments 

(44,45). 

 
4. Passive Surveillance of Foodborne Illness  

 An important function of public health departments is to monitor key diseases 

through disease surveillance.  Each state selects the diseases it will monitor.  In Arizona 

there are several enteric illnesses that can be transmitted through food that are reported to 

the county and state health departments (46). 

 Most foodborne illnesses are identified and tracked through passive surveillance 

systems that rely on physician practice and passive review of laboratory results.  The 

foodborne investigation often begins at the local county public health department and in 

cases of an outbreak, is assisted by the state public health department and possibly the 

CDC.  Once the public health department is notified of a confirmed laboratory test or an 

outbreak is suspected, public health nurses, communicable disease investigators and 

epidemiologists begin taking case reports from the sick individuals and their contacts.  

Information is obtained on the symptoms experienced, time of symptom onset, location 
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of the suspected exposure, location of the individual, food(s) consumed, and employment 

and travel history.  This information is used to assist county and state public health 

department epidemiologists to determine a “case definition” of the illness.  The date of 

symptom onset for each case is plotted on an “epidemic curve” to monitor the temporal 

relationship of the outbreak.  Demographic characteristics of each case are reviewed (age, 

gender, residence, attendance at special events) to assist public health investigators in 

generating hypotheses to determine the etiology of the outbreak (47-49).  Laboratory tests 

of stool and blood cultures of infected individuals are taken when the pathogen is 

unknown.  Public health investigators then conduct systematic interviews of both ill and 

non-ill persons to determine likely exposures.  The information is used to quantitatively 

test hypotheses, e.g., determine how often the exposure was reported by ill persons and a 

comparable group of non-ill persons (47-49).  Control measures are implemented when 

the source of the foodborne disease outbreak is determined. 

 
5. Syndromic Surveillance of Foodborne Illness  

 The key to effective management of foodborne illness, whether naturally 

occurring or intentional, is through surveillance systems that provide for early detection 

of an outbreak which then minimizes the scope and impact of the illness (27).  The CDC 

has identified the need to develop enhanced surveillance systems that will detect 

outbreaks earlier by creating networks of agencies with the ability to analyze real-time 

data.  Poison control center foodborne illness syndromic surveillance systems could be 

developed and evaluated in a similar manner as other syndromic surveillance data 

streams that monitor pre-diagnostic data, such as, nurse hotlines, sales of over the counter 
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(OTCs) medications, and emergency department chief complaints.  Because pre-

diagnostic data are monitored for trends, syndromic surveillance systems have the 

potential of identifying clusters of gastrointestinal illnesses that may be an early 

indication of a foodborne outbreak several days earlier than passive surveillance systems, 

which typically monitor cases of laboratory-confirmed enteric illnesses.  An underlying 

premise of syndromic surveillance systems is that sick individuals seek pre-diagnostic 

remedies and medical treatment in a consistent manner, which can then be monitored 

through syndromic surveillance systems to identify clusters of illnesses within the 

community earlier than traditional public health surveillance systems.   A survey of 

patients seeking care for acute illnesses at an emergency room and acute care clinics 

found that only 4% of patients sought medical treatment on the first day of their 

symptoms, with 34% of those surveyed reporting that they had missed work or school 

before the day of the healthcare visit (50).  A smaller proportion (26%) of patients 

accessed advice via the phone, compared to a larger proportion (55%) who reported 

taking OTCs; these health seeking behaviors can be monitored to determine illness trends 

in the community (50).  

 Few studies have evaluated the timeliness of various syndromic surveillance 

systems compared to known dates of outbreaks.  Sales of OTC diarrhea remedies 

increased three-fold from baseline for the month preceding the 1993 Milwaukee, 

Wisconsin Cryptosporidium outbreak (51,52).  Another study found that sales of 

electrolyte products increased on average 2.4 weeks earlier than hospital diagnosis codes 

in 12 of 18 respiratory and diarrheal outbreaks (51).  A study comparing the timeliness of 
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emergency department chief complaints, laboratory test orders, and hospital diagnosis 

codes found that emergency department chief complaints detected pediatric outbreaks of 

rotavirus gastrointestinal illness within ten days of their beginning as determined by 

laboratory testing (gold standard); however, outbreak detection by laboratory orders was 

delayed by an average of 14 days, and hospital diagnosis codes delayed by an average of 

20 days (53). 

 A delay in detection of outbreaks can occur with passive surveillance systems.  A 

study evaluating the timeliness of a routine surveillance system in the United Kingdom 

found that 80% of laboratory-confirmed cases were reported within 14 days of symptom 

onset (54).  United States public health departments have reported an average delay of 35 

days from symptom onset to health department completion of the case investigation (55).  

Therefore, syndromic surveillance systems have the potential of identifying clusters of 

gastrointestinal illnesses several days before public health departments receive laboratory 

reports of enteric illness cases, and initiate case investigations (Figure 1).  The value of 

poison control center foodborne illness surveillance system lies in its ability to actively 

assess real-time symptoms and potentially prevent the negative impact of a serious event 

such as a foodborne outbreak by alerting public health officials earlier than would have 

occurred with traditional passive surveillance systems. 
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Figure 1. Syndromic surveillance systems for foodborne illness 

 

6. Poison Control Centers  

 Poison control centers are operated regionally throughout the United States.  

Poison control centers provide emergency phone consultation and referral services.  The 

majority of poison control centers are certified by the American Association of Poison 

Control Centers.  Certified poison control centers operate 24 hours a day, are accessible 

by direct dial or toll free number, are supervised by a medical director, and are operated 

by nurses, and/or certified pharmacists.  Data from callers are systematically collected 

and stored in computer databases.  Data collected on all exposure calls include: date and 

time call was received, gender, age, ZIP code, call type (e.g., human 

exposure/unintentional), site (e.g., home, restaurant), route (e.g., ingestion), acuity (e.g., 

acute), clinical effects (e.g., nausea, vomiting, diarrhea), therapies (e.g., fluids), and 

outcome (e.g., minimal clinical effects expected, death).  Data collected on calls in which 

follow-up is anticipated include the caller’s name and telephone number.  To ensure 
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quality control every tenth call received daily is reviewed for accuracy of data entry.  In 

Arizona there are two poison control centers, the Arizona Poison and Drug Information 

Center (APDIC) and the Banner Poison Control Center.  APDIC receives calls from the 

entire state, except Maricopa County.  The Banner Poison Control Center receives calls 

from Maricopa County.  Both poison control centers provide 24 hour emergency 

telephone services.  APDIC is staffed by specially trained pharmacists.  Both nurses and 

pharmacists staff the Banner Poison Control Center. 

 
7. Significance  

 The detection, management and prevention of foodborne illnesses remain a public 

health challenge.  The morbidity, mortality and economic impact of intentional foodborne 

illness are not known.  However, nationally, naturally occurring foodborne illnesses have 

been estimated to cause 76 million illnesses, 325,000 hospitalizations, and 5,000 deaths 

annually (23,24).  The annual financial cost for medical care and productivity loss from 

the major foodborne pathogens is estimated to range from $6.5 billion dollars to $34.9 

billion dollars (25).  The annual cost of foodborne illness associated with Salmonella, 

only one of the many potential pathogens associated with foodborne illness, is one billion 

dollars (23,29,32). 

 Traditional passive surveillance systems have been ineffective in identifying 

foodborne illnesses.  This is because they rely on sick individuals to seek care, physician 

reporting and passive review of laboratory tests yet, less than 8% of individuals with 

symptoms seek care, and many are not tested (27,28).  The CDC estimates that 38 cases 

of salmonellosis occur for every case that is reported to the public health department 
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(23,30,31).  Another contribution to the ineffectiveness of passive surveillance is the 

changing nature of foodborne illness.  For example, at one time typhoid fever, 

tuberculosis and cholera were linked to foodborne illnesses in the United States, whereas 

now recently discovered emerging infections such as Cyclospora are becoming more 

important. 

 The key to minimizing harm resulting from foodborne illness is through the early 

detection of disease and subsequent interventions aimed at preventing the spread of 

disease.  The CDC has challenged public health departments to examine mechanisms to 

enhance surveillance systems through partnerships that can assess and analyze real-time 

data.  Partnerships with poison control centers may be an effective opportunity to 

enhance surveillance systems as they collect real-time data from patients who seek health 

advice, and information of foodborne illness treatment advice, and referral assistance 

prior to seeking care from a physician or emergency room. 

 Surveillance activities are one of the core public health functions.  Poison control 

centers have an important role in disease surveillance activities.  Regardless of whether a 

foodborne illness occurs as a result of a natural or intentional event, preparation can 

minimize widespread harm (56).  Enhanced surveillance systems that utilize trained 

professionals to identify increases in and/or unusual clusters of illnesses can assist in 

controlling and preventing the spread of foodborne disease outbreaks. 
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CHAPTER III 
 

METHODS 
 
 
 
 

1. Introduction 

 The primary goal of the study was to evaluate the usefulness of a poison control 

center data collection and triage system for the early detection of reports of enteric 

illnesses that may represent suspicious clusters of foodborne illness.  Because the 

reference standard did not include data on foodborne disease outbreaks, i.e., cases that 

were epidemiologically linked to a common food source, increases in laboratory reports 

of enteric illnesses was used as a proxy measure for foodborne disease outbreaks.  This 

chapter describes the setting, sample, independent and dependent variables, and 

procedures followed. 

 A retrospective study of existing databases from the Pima County Health 

Department (PCHD) and the Arizona Poison and Drug Information Center (APDIC) was 

undertaken in Tucson, Arizona covering the period from July 1, 2002 through June 30, 

2007.  For each foodborne illness reported by the APDIC and PCHD, measures of the 

date of symptom onset, and self-reported demographic variables were taken to determine 

the temporal relationship between the two databases.  Additional risk factor measures 

were taken from APDIC foodborne illness caller reports.  The research aims and 

associated hypotheses were: 

 Aim 1: Compare quality of data from the APDIC database and PCHD database.

 Hypothesis 1a: APDIC and PCHD databases will have similar quality of data as 



 
 
 

 38 

measured by rates of missing data for variables required to develop algorithms for early 

detection of disease outbreaks. 

 Hypothesis 1b: Random imputation methods will allow for recovery of missing 

data where it occurs. 

 Aim 2:  Develop and compare prediction models in a training data set for 

detecting PCHD laboratory case reports of enteric illnesses on the basis of calls to 

APDIC reporting suspected foodborne illnesses. 

 Hypothesis 2a:  Increases in calls to APDIC reporting suspected foodborne 

illnesses will allow prediction of cases that are captured by PCHD laboratory reports of 

enteric illnesses. 

 Hypothesis 2b:  Exponentially weighted models will perform better than moving 

average models, which will perform better than models relying on raw counts of calls and 

cases. 

 Hypothesis 2c:  Adjusted for time trends including seasonality, the exponentially 

weighted models will perform better than moving average models, which will perform 

better than models relying on raw counts of calls and cases. 

 Aim 3:  Validate the prediction models in a test data set. 

 Hypothesis 3a:  In the test data set, exponentially weighted models will perform 

better than moving average models, which will perform better than models relying on raw 

counts of calls and cases. 
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 Hypothesis 3b:  Adjusted for time trends including seasonality, the exponentially 

weighted models will perform better than moving average models, which will perform 

better than models relying on raw counts of calls and cases in the test data set. 

 
 
2. Study Population    

 The population studied was the residents of Pima County, Arizona, which 

includes the city of Tucson.  Pima County is the second largest county in Arizona. It has 

a population of 946,362 residents, which is roughly 15% of the total state population of 

6,166,318 residents.  According to recent U.S. Census Bureau statistics 7.0% of the 

population members are under five yeas of age, 14.6% are 65 years of age or older, and 

16% are individuals with a disability that are five years of age and older (57).  The 

average household size is 2.47 persons, which is roughly the same as the state of Arizona 

at 2.64 persons and the U.S. at 2.59 persons. 

 
 
3. Sample  

 The data for this study were derived from routinely collected existing databases; 

APDIC, a not-for-profit poison control center, and the PCHD, which operates a 

traditional public health foodborne disease outbreak surveillance system.  All data were 

from July 1, 2002 through June 30, 2007, and were stripped of any identifying 

information before analyses.  Data entry, management, and data cleaning processes will 

be discussed in greater detail in section 4. 
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a. APDIC Database  

 APDIC is one of two poison control centers operating in Arizona, serving 

approximately 2 million persons statewide (excluding residents of Maricopa County, who 

call the Banner Poison Control Center).  Staffed by trained pharmacists and certified by 

the American Association of Poison Control Centers, APDIC receives 180 – 250 calls 

daily.  When a call is received, a poison control specialist records the caller’s suspected 

exposure (e.g., food poisoning) and provides consultation on the basis of the caller’s 

suspected exposure, age, underlying medical history, and acuity and duration of reported 

symptoms.  The poison control specialist also enters call data, including an assessment 

(i.e., exposure reason) into an electronic database (Toxicall®, Computer Automation 

Systems, Inc., Aurora, Colorado).  For all exposure related calls, the poison control 

specialist enters the date and time the call was received; the caller’s gender, age, and ZIP 

code; type of call (exposure or information); acuity of symptoms; reason for exposure (as 

assessed by the poison control specialist); exposure site, time and route; clinical effects 

(reported symptoms), therapies, and medical outcome; and any multiple contacts.  

Because a caller might report more than one ill person within a household, the poison 

control specialist also assigns a call-record number and completes a medical history and 

disposition for each contact identified.  To identify multiple contacts, the poison control 

specialist cross-references all call-record numbers in each caller’s and their contact’s call-

record.  If the call is anticipated to require poison control center follow-up, the caller’s 

name and telephone number are also recorded.  The poison control specialist may elect to 

record additional call information in the narrative section of the database, such as date of 
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symptom onset, the name and location of the site of the suspected exposure, information 

on additional contacts with the same exposure, e.g., potential point source, and work and 

travel history.  To ensure quality control, every tenth record received daily is reviewed 

for accuracy of data entry. 

 b. Ascertainment of APDIC Calls  

 All calls to APDIC concerning human exposures received during July 1, 2002 – 

June 30, 2007 were reviewed retrospectively and compared to a gastrointestinal 

syndrome definition.  Three factors were considered in constructing the syndrome 

definition:  1) APDIC lacks a uniform process for coding suspected foodborne illnesses; 

2) the poison control specialist codes calls according to how callers report exposure 

history (i.e., chief complaint); and 3) multiple syndromic definitions exist for 

diarrhea/gastroenteritis.  The syndrome definition used was consistent with the CDC’s 

recommended gastrointestinal syndrome definition for surveillance of diseases associated 

with bioterrorism-associated agents (58).  Foodborne illness was defined broadly as a 

syndrome or associated symptoms recognized by a caller who reported ingestion of 

suspected contaminated food and any of the following gastrointestinal complaints: 

abdominal pain, nausea, vomiting or diarrhea.  The selected syndrome definition used in 

this study included symptoms associated with, but not limited to, foodborne illnesses.  

Callers with gastrointestinal symptoms associated with an underlying medical condition 

(e.g., irritable bowel syndrome, reaction to medication, or suspected chemical exposure 

related to ingestion of contaminated food or beverage) were excluded.  Callers with 

medical conditions such as irritable bowel syndrome or reaction to medications were 
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excluded in order to prevent potential misclassification of foodborne illness.  Callers who 

reported illnesses associated with ingestion of food or beverage suspected to be 

contaminated with chemicals were excluded because healthcare providers are not 

required to report chemical foodborne illnesses to PCHD, and therefore chemical 

foodborne illnesses would not be included in the reference standard used to develop and 

validate the predictive algorithm. 

 All call data records from APDIC’s electronic database were reviewed by the 

principal investigator (PI), a nurse, following a protocol that identified all possible calls 

with suspected foodborne illness, reviewing each identified caller’s record, and 

abstracting pre-selected variables from each call record.  Within the protocol used, the 

search process involved a review of all Pima County calls to determine if coding of the 

calls by poison control specialists conformed to the case definition. 

 c. APDIC Variables 

 The following APDIC variables were collected from the caller’s record and 

entered into an Excel database for analysis: demographic variables including caller’s age, 

gender, and ZIP code; clinical variables including reported symptoms (clinical effects), 

date of symptom onset, management site, and any referral recommendations, and/or 

instructions; medical history, including medical conditions such as irritable bowel 

syndrome, and pregnancy status; presumed exposure history including exposure, 

exposure site, exposure time and route; multiple contact(s) with accompanying call 

record data for each contact; APDIC coding of callers’ suspected foodborne illness with 

the PI’s assessment of APDIC call data, using the syndrome definition; high disease 
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transmission risk criteria defined as child care provider or attendee, health care provider 

or long-term care attendant, food handler or contact with livestock, or reptiles; and 

intentional contamination or unintentional/accidental contamination in which the health 

of the community is believed to be at risk (38).  An additional variable was created from 

clinical information provided in the caller’s record in order to identify those callers with 

an increased severity of foodborne illness symptoms, which included the following, caller 

reported illness ≥ 3 days duration, fever, bloody diarrhea, bloody emesis, and/or referral 

by APDIC to an emergency room.  Callers were considered to have a fever if the poison 

control specialist recorded clinical effects such as, fever, chills, or shivering.  Fever was 

not considered if the poison control specialist recorded symptoms such as “skin warm to 

touch”, diaphoretic, or sweating.  

 Because an aim of this study was to develop a prediction algorithm that could be 

automated without making adjustments to the APDIC database, variables were created to 

capture the following information from the narrative note section of the caller record, and 

were included and excluded in the analyses to determine their impact: 1) a foodborne 

illness coded by APDIC on the date that the call was received and evaluated by the 

APDIC; 2) a foodborne illness assessed by the PI based on the syndrome case definition 

and call data, on the date that the call was received and evaluated by APDIC; 3) a 

foodborne illness coded by APDIC, adjusted by caller reported date of symptom onset, if 

known; and 4) a foodborne illness assessed by the PI based on the syndrome case 

definition and call data, adjusted by caller reported date of symptom onset, if known.   
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 Onset of symptoms was considered a critical variable because it most likely 

represents the date a person would seek treatment or referral advice for their suspected 

foodborne illness.  The Toxicall® database that APDIC uses doesn’t capture symptom 

onset date; therefore symptom onset dates were determined from clinical information 

provided in the narrative note section of the caller’s record.  If the date of symptom onset 

could not be determined from the caller’s record, the date the call was received and 

evaluated by the poison control specialist was used as a proxy measure for symptom 

onset date.  An onset date was estimated when the actual date was not recorded.  For 

example, symptoms began “a couple of days ago” was interpreted as a symptom onset 

date two days prior to the date of the call, and “has been vomiting times three”, was 

interpreted as a symptom onset date on the day preceding the date the call was received 

by APDIC, provided that the call was received before one in the morning, and the same 

date of the call, if received after one in the morning.  A variable was created and coded as 

one if the onset date was specified in the narrative note, two if estimated from the 

narrative note, or three if assumed to be the date of the call when the exact date could not 

be determined or estimated from the caller’s record.  For those callers who reported an 

onset date, an additional variable was created to capture the approximate lag in hours 

from symptom onset to call to APDIC; calls ≤ 24 hours after symptom onset were coded 

as one, > 24 – 48 hours after symptom onset were coded as two, and calls > 48 hours 

after symptom onset were coded as three.  Table 1 describes the classification of APDIC 

calls in further detail including original variables from the APDIC database and created 

variables from the narrative note section in the caller record.  
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Table 1. Description of APDIC variables used in the analyses 
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* These variables were considered key variables for automated foodborne surveillance 
systems and were therefore corrected using data in the narrative note section of the caller 
record. 
 

 d. PCHD Database 

 Investigation of foodborne illnesses in Pima County, Arizona is primarily the 

responsibility of the PCHD, which operates a traditional public health foodborne disease 

outbreak surveillance system staffed by epidemiologists and communicable disease 

investigators.  All suspected cases of foodborne illness and laboratory reports of cases of 

enteric illnesses reported to PCHD by health care providers, laboratories, or community 

organizations (e.g., schools, daycare), and all restaurant complaint calls received by 

PCHD are investigated.  When a case report is received, it is date-stamped, and assigned 

to a communicable disease investigator who contacts the patient and completes a 
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communicable disease report; a standardized questionnaire designed to ensure a 

systematic assessment of the patient’s suspected disease.  The communicable disease 

report collects information that is needed to begin to characterize patterns of reports of 

enteric illnesses and includes identifying information such as name and contact 

information (home address, home and work phone numbers); demographic information 

including date of birth, gender, race, ethnicity, and occupation; and clinical information, 

limited to the date of symptom onset, type of laboratory test, date laboratory test 

collected, specimen type, date laboratory test results were finalized, results of the test, 

date of diagnosis by a health care provider, and date the illness was reported to PCHD.  

The communicable disease investigator uses additional standardized case investigation 

forms specific to the suspected disease to collect clinical information regarding specific 

symptoms, severity and duration of illness, any medical visits or treatment, and outcome 

of illness; risk factor information including detailed food history, sources of domestic 

food and water consumed, meals eaten away from home; and personal risk factors such 

as travel history (domestic and international), recreational activities, contact with 

individuals with similar illness symptoms, recent visits to farms, and contact with 

animals.  The additional information gathered from these forms is used to tailor the 

disease case investigation, determine if the patient’s illness meets the case definition; 

identify additional cases, and epidemiologically link cases to a common source.  When 

the disease case investigation is completed, the date the investigation was completed for 

each laboratory case is recorded, and each laboratory case report is then categorized as 
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confirmed, probable, or ruled out based on the investigation and the case definition for 

the suspected disease. 

 e. Ascertainment of PCHD Cases 

 All laboratory case reports for the enteric illnesses specified in Table 2 that were 

received and investigated by PCHD and were determined to have symptom onset dates 

during July 1, 2002 – June 30, 2007 were included in the study regardless of the 

classification of the enteric illness (confirmed, probable or ruled out).  Inclusion criteria 

were expanded to include enteric illness case reports classified as probable or ruled out in 

order to compare symptomatic APDIC callers to all possible symptomatic PCHD cases in 

the laboratory reports of enteric illness database.  Enteric illnesses included in the study 

were chosen on the basis that exposure to the organism was likely to have occurred in 

Pima County.  Thus, laboratory case reports of enteric illnesses received and investigated 

in Pima County such as giardiasis were excluded from the study, because exposure to the 

organism in Pima County was considered unlikely, even though transmission of that 

organism may occur through contaminated food or beverage.  Table 2 provides a list of 

enteric illnesses included in the study and the case definition for laboratory-confirmed 

and probable cases for each enteric illness included in the study (59,60).  PCHD cases 

with laboratory reports of enteric illnesses during the study period covering July 1, 2002 

– June 30, 2007 were excluded if the date of symptom onset was outside that date range. 
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Table 2. Description of case definitions of enteric illnesses included in the study 
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f. PCHD Variables 

 PCHD provided data from two different databases on cases of laboratory reports 

of enteric illnesses with report dates, i.e., dates the county was notified of the illness 

during July 1, 2002 – June 30, 2007.  The two databases were ultimately combined after 

comparing them for compatibility; descriptive results of which will be presented in the 

results chapter.  Variables provided by PCHD on laboratory reports of enteric illnesses 

included demographic information including the case’s gender, age, ZIP code, race and 

ethnicity; limited clinical information including the date of symptom onset, the date the 

laboratory specimen was collected, the date the laboratory test results were finalized, the 

date of diagnosis by a health care provider, laboratory test results, the date PCHD was 

notified of the illness, and classification of the enteric illness (confirmed, probable or 

ruled out).  All cases of laboratory reports regardless of classification were analyzed in 

order to compare the maximum number of symptomatic cases of enteric illness to APDIC 

callers reporting symptoms associated with a suspected foodborne illness.   

 

4. Data Management 

 This section describes data entry and management, and data cleaning and 

standardization processes used to conduct the study.  Data were collected from two 

sources, APDIC existing database of callers from Pima County with suspected foodborne 

illnesses, and PCHD databases of residents within Pima County with laboratory case 

reports of enteric illnesses. 
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 a. APDIC Database – Data Entry and Management  

 In the course of a normal day, individuals randomly call the APDIC seeking 

information and referral assistance for suspected foodborne illnesses.  Poison control 

specialists enter their call data including an assessment and any recommendations given 

in real-time into an electronic database (Toxicall®, Computer Automation Systems, Inc., 

Aurora, Colorado) that is supported by an Access database.  Caller records are all 

electronic, and continuously uploaded to the APDIC database.  Callers are given a 

random, unique case number to identify each caller’s electronic record.  The electronic 

database is comprised of two sections, a series of drop-down menus that allows poison 

control specialists to expeditiously capture the caller’s information uniformly, (i.e., the 

poison control specialist can choose from a finite number of options, for example, the 

poison control specialist can choose the following options for gender, male, female, or 

unknown, and for species, the poison control specialist may choose either human or 

animal), and a narrative notes section, which allows the poison control specialist to enter 

a detailed description of the caller’s reported illness including any referral 

recommendations and teaching instructions.  The Access database captures each drop-

down variable in its own table, linked to the caller’s case number, with the narrative notes 

in a separate table linked to the caller’s case number.  A systematic search strategy was 

used to identify all callers to APDIC with suspected foodborne illnesses.  Using the 

search strategy, caller records were extracted from the full APDIC database for the time 

period July 1, 2002 – June 30, 2007.  The variables specified in Table 1 were extracted 

from the Access database, de-identified if needed (e.g., telephone number, was deleted if 
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present and converted to a dichotomous variable, yes, no), entered into an Excel database, 

and exported to a statistical analysis software package for analysis.  The narrative section 

was reviewed, stripped of identifiers (e.g., poison control specialist name) and pertinent 

information was extracted from the notes and entered into an excel database, e.g., date of 

symptom onset was derived from the narrative notes. 

 b. APDIC Database – Data Cleaning and Standardization Processes 

 Data cleaning and standardization processes included converting all date variables 

to standardized date format for time trend analyses; adjusting call dates to dates of 

symptom onset for callers with reported onset dates; ascertaining additional foodborne 

illness cases, and reviewing call data for quality assurance purposes.  The narrative notes 

were used to obtain additional information about the reported suspected foodborne illness 

as discussed above, e.g., date of symptom onset, to ascertain additional cases of 

foodborne illnesses and their associated call data, and for quality assurance purposes.  

 Additional cases of foodborne illnesses were ascertained by comparing the 

callers’ chief complaint to information provided in the narrative note.  The PI scanned the 

database for callers’ chief complaints indicating potential foodborne illnesses, and 

included a caller in the study if the call data in the narrative note met the syndrome 

definition, and the call had not already been included in the study, e.g., the caller’s chief 

complaint was recorded as “food poisoning”.  In these cases, the poison control specialist 

coded the exposure reason as “unintentional general” rather than “unintentional food 

poisoning”, and manual tracking of these calls had to be made in order to ensure that the 

calls were included in the study.   The narrative notes were also used to ascertain 
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additional caller contacts identified by a caller; however, because they were not given 

their own call record, the caller contacts would not be detected in an automated 

algorithm.  If, after reviewing the caller’s narrative notes, there was a discrepancy 

between what was recorded in the drop-down box, multiple patients (yes, no) and the 

narrative notes, the narrative notes were used to correct the information provided in the 

drop-down box.  For example, if the poison control specialist recorded caller reports, “10 

children ate the same thing at the same restaurant, and all got sick today at the same 

time”, and only one caller was identified in the record, than an additional 9 calls were 

added to the database, on the date that the call was received and evaluated by the poison 

control specialist, and on the specified symptom onset date in the narrative note, linked to 

the same caller’s case number.  Caller associated data, such as age and gender were also 

added.  

 The narrative notes were also used for quality assurance purposes.  A subset of 

APDIC variables that were considered important for conducting syndromic surveillance 

using an automated statistical algorithm were corrected using the data provided in the 

narrative note portion of the caller’s electronic record; the variable was corrected if an 

error was deemed to have occurred (data in the variable field was not consistent with data 

in the narrative note) and an error rate was calculated.  All statistical analyses were 

conducted using the corrected variable.  For example, if the narrative note provided the 

name of a restaurant as the presumed exposure site, yet the Access variable for exposure 

site was listed as “own residence”, then the exposure site variable was corrected.  Table 1 
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identifies the APDIC variables that were corrected as part of the quality assurance review 

of call data. 

 c. PCHD Database – Data Entry and Management 

 PCHD provided data on cases of laboratory reports of enteric illnesses stripped of 

any identifying information covering the period July 1, 2002 – June 30, 2007; data from 

July 1, 2002 – December 31, 2005 (data set one) were provided on an Excel spreadsheet 

from a locally managed database by county epidemiologists, and data from January 1, 

2006 – June 30, 2007 (data set two) were provided by PCHD on an Excel spreadsheet 

from an electronic database of laboratory reportable illnesses managed by the Arizona 

Department of Health Services.  The manner in which enteric illnesses were reported to 

PCHD, and investigated by PCHD remained the same during the study period.  With the 

implementation of the statewide electronic database of laboratory reportable illnesses 

(illnesses that the Arizona Department of Health Services reports to the CDC) in January 

2006, the Arizona Department of Health Services oversaw the database including 

reviewing all case reports and determining the final classification, i.e., confirmed, 

probable or ruled out, and data cleaning and management processes.  Variables collected 

from both databases on PCHD laboratory case reports included: age, gender, race, 

ethnicity, and ZIP code, and clinical data limited to date of symptom onset, date 

laboratory specimen was collected, date laboratory test was finalized, date of diagnosis, 

date the illness was reported to PCHD, and illness classification (confirmed, probable, 

and ruled out). 
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d. PCHD Database – Data Cleaning and Standardization Processes  

 Data cleaning and standardization processes included the following:  assessing the 

database for duplicate cases, and dropping those cases that PCHD verified were duplicate 

cases, converting all date variables to a standardized date format to conduct time trend 

analyses, dropping asymptomatic cases when known, and dropping boundary cases, i.e., 

cases that had a date of symptom onset outside of the study period dates.   Figure 2 

describes the data cleaning and standardization processes for the two data sets provided 

by PCHD. 

Figure 2: PCHD data cleaning and standardization processes  
 

 Data Set 1
01Jul2002-
31Dec2005

Data Set 2
01Jan2006-
30Jun2007

Duplicate 
Cases 

Dropped

Duplicate 
Cases 

Dropped

Date Variables Converted to a 
Standardized Date Format

Date Variables Converted to a 
Standardized Date Format

Asymptomatic 
Cases Dropped

Asymptomatic 
Cases Dropped

Boundary Cases Dropped:
Onset Dates<01Jul2002

and
Other Dates=01Jan2006

Boundary Cases with
Onset Dates<01Dec2005
Appended to Data Set 1
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 Upon receipt of the data, data were imported to a statistical package for later 

analysis.  The database was first assessed for duplicate cases.  Because PCHD assigns a 

distinct case number for each laboratory specimen collected and tested, rather than one 

unique case number for the patient that can be used to track multiple enteric laboratory 

tests done on the same day, i.e., tests with the same date of symptom onset, it was not 

possible using de-identified data to completely evaluate if there were multiple laboratory 

reports for the same patient with the same date of symptom onset.  Two approaches were 

used to identify potential duplicate cases.  Cases were first sorted by diagnosis and the 

date that the illness was reported to PCHD, and visually inspected for similarities.  The 

second approach utilized a statistical program to compare the date values in one case to 

the date values in the immediately preceding case in order to identify cases with similar 

date values.  Cases with three of five similar date variables within the same ZIP code 

were identified as potential duplicate cases, and reviewed with PCHD.  Cases that PCHD 

confirmed were duplicate cases were dropped. 

 Date variables were assessed for completeness and uniformity (defined below) 

prior to converting to a standardized date format.  Date variables with non-date values 

were converted to an approximate date, or to a missing value, e.g., date values for the 

variable “date of symptom onset” that had a value of “one month ago” were given an 

approximate symptom onset date of 30 calendar days from the date PCHD was notified 

of the illness, and were coded as an approximate symptom onset date for later analysis.  

Date values in which the date of symptom onset had a value of “unknown” were 

converted to missing, and coded as an approximate symptom onset date.   
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 Uniformity was defined to exist when date variables followed a logical time-

ordered sequence.  For example, the date on which laboratory test results were finalized 

should occur later in time than the date that the laboratory test was collected and the date 

when symptoms first occurred. Figure 3 describes the expected time-ordered sequence for 

the five date variables provided by PCHD.   

Figure 3. Time ordered sequence of date variables provided by PCHD on all laboratory 
case reports of enteric illnesses 

 
†The diagnosis date is provided by a health care provider, and may occur at any time 
following the date of symptom onset and may occur prior to the date the laboratory test 
was finalized.   
 
 To evaluate uniformity among the five date variables for each case, the difference 

in days between key date variables was assessed for negative outliers and extreme 
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positive outliers, e.g., the lag in days between the date the laboratory specimen was 

collected and date of symptom onset; the date the laboratory test was finalized and date 

of symptom onset; the date of report and date of symptom onset; the date the laboratory 

test was finalized and date the laboratory test was collected were calculated.  Date values 

identified as negative outliers and extreme positive outliers were evaluated in the context 

of all available dates for the case, and using decision rules (Table 3), date values were 

either kept the same, flipped, or changed to an approximate date.  Dates that were flipped 

or changed to an approximate date were coded as such to keep track of date value 

changes.  For example, if the symptom onset date was recorded as 11Dec2003, and the 

date the laboratory specimen was collected was recorded as 25Dec2002, date laboratory 

test was finalized was recorded as 30Dec2002, and date PCHD was notified of the illness 

was recorded as 02Jan2003 (difference of -351 days between date of symptom onset and 

date laboratory test was collected), than following review of all available dates for that 

illness, the date of symptom onset was considered a data entry error and was given an 

approximate symptom onset date of 11Dec2002, and coded as an approximate date.  The 

decision rules in Table 3 were reviewed and finalized with PCHD (L. Hulette, BA, oral 

communication, January 2008). 

 Boundary cases, i.e., cases that were outside of the date ranges for each data set 

and for the study date range of July 1, 2002 – June 30, 2007 were also assessed; data set 

one covered the time period of July 1, 2002 – December 31, 2005, and data set two 

covered the time period of January 1, 2006 – June 30, 2007.  Boundary cases in data set 

one that had symptom onset dates before July 1, 2002 were excluded from data analyses.  
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Boundary cases in data set one with date variables other than symptom onset date (date 

laboratory specimen was collected, date laboratory test finalized, date of diagnosis and 

date illness reported to PCHD) after December 31, 2005 were also excluded from 

analyses.  In retrospect, these 18 cases should not have been excluded.  A future 

sensitivity analysis will determine the impact of having lost these cases; however, 

analytic experience with these data suggests that the impact of the omission is ignorable.  

Boundary cases in data set two that had symptom onset dates before January 1, 2006 

were appended to data set one. 

Table 3. Description of the decision rules used for data cleaning and standardization of 
PCHD date variables 
 

1. The date PCHD received a report of an enteric illness case for data set one (July 
1, 2002 – December 31, 2005) was considered the most reliable date in the date 
sequence; one person from PCHD was assigned to date-stamp reports on the day 
of receipt.  When dates of reports were considered “early reports”, i.e., occurred 
on or within a few days of the date the specimen was collected, and before the 
laboratory finalized date, date changes were not made; health care providers may 
alert PCHD of a case before the laboratory test results are finalized.  Report dates 
were changed if the year in the date value was deemed a data entry error, e.g., 
new calendar year.  

 
2. When diagnosis dates occurred on, or within a few days of the date the laboratory 

specimen was collected, and before the laboratory test results were finalized, date 
changes were not made;   the date field for diagnosis date is provided by the 
health care provider ordering the laboratory test.  Diagnosis dates were changed 
only if changing the date could put all the dates in a logical time ordered 
sequence. 

 
3. When evaluating date values, e.g., considering changing 20dec2003 to 

20dec2002, the year in the date value was considered first if it allowed for a 
logical time sequence; year changes were considered data entry errors that tended 
to occur in the months transitioning to a new year (December, January).  
Changing the month in the date value was considered only if making the change 
would allow for a logical time sequence; changing the month was considered a 
data entry error.  The day in the date value was not evaluated for changes. 
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4. The difference between the date the laboratory test was finalized and the date the 
laboratory test was collected was changed for negative outliers, if flipping the two 
days allowed for a logical time sequence; i.e., laboratory specimen collection date 
must occur before test results are finalized.  For positive outliers, e.g., the interval 
between the two dates was ≥ 31 days, than the date the laboratory test was 
collected was converted to missing. 

 
5. The symptom onset date was changed to missing if when evaluating all dates, 

changing the month or year of the symptom onset date could not be changed to 
keep a logical time sequence between all date variables.  These cases were 
considered as potentially asymptomatic and tended to occur with reports of 
Salmonella gastroenteritis cases; among all Salmonella reports; Salmonella cases 
have the highest proportion of asymptomatic cases, e.g., cases diagnosed as part 
of pre-surgical laboratory tests and the patient is asymptomatic. 

 
 
 
5. Statistical Analyses  

 The purpose of this study was to evaluate the utility of a poison control center 

database for providing early detection of suspicious clusters of foodborne illnesses.  

Predictive algorithms that used APDIC calls with reported suspected foodborne illnesses 

to predict increases in PCHD enteric cases were developed and validated.  The research 

methodology was based on a retrospective analysis of existing databases from the APDIC 

and PCHD.  Analysis of research data collected from each partner was conducted at The 

University of Arizona.   

 Statistical analyses were conducted using Intercooled Stata, version 9.0 for 

windows (StataCorp; College Station, Texas).  Descriptive analyses of all variables were 

conducted to describe the study population and compare PCHD cases of enteric illnesses 

and APDIC callers reporting suspected foodborne illnesses using key demographic 

variables.  The basic outcome variable was number of PCHD laboratory reports of cases 

of enteric illnesses to be predicted by the number of APDIC calls of suspected foodborne 
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illnesses per day.  The number of APDIC calls per day was measured four different ways 

(Table 4) to determine the impact, if any, of making adjustments to the APDIC database 

on the predictive algorithm, i.e., adjusting by the number of additional calls of foodborne 

illnesses not identified by APDIC and adjusting by caller reported symptom onset date, 

when known.   

Table 4. Definition of variables used in the analyses 

 
 

 Multiple approaches were explored to develop and test the predictive algorithm 

including using raw counts, moving averages and exponentially weighted models, all of 

which were examined either unadjusted or adjusted for time trends, e.g., day-of-the week, 

seasonal trends, known to influence time series analyses of enteric illnesses.  Sensitivity, 

specificity, and positive predictive value (PPV) were calculated on the basis of APDIC 



 
 
 

 62 

coding of callers’ suspected foodborne illness compared with the PI’s assessment of 

APDIC call data, using the syndrome definition.  

 Aim 1: Compare quality of data from the APDIC database and PCHD database.  

 Descriptive analyses were conducted to determine the number of suspected 

foodborne illness calls to APDIC that met the pre-defined gastrointestinal syndrome 

definition.  Descriptive analyses on the severity, duration, treatment recommendations, 

and high disease transmission risk criteria for callers meeting the syndrome definition 

were also conducted, e.g., proportion of callers meeting the syndrome definition who 

reported an increase in severity of symptoms (bloody diarrhea or emesis, fever, illness 

duration ≥ 3 days, referred by APDIC to a health care facility), or reported on one or 

more of the high disease transmission risk criteria (child care provider or attendee, health 

care provider or long term care attendant, food handler, or contact with livestock or 

reptiles) were conducted.  Demographic characteristics, (e.g., age, gender) of APDIC 

callers reporting a suspected foodborne illness were compared to PCHD cases of 

laboratory reports of enteric illnesses.  Descriptive analyses of key variables for 

conducting syndromic surveillance that were missing data in the APDIC and PCHD 

databases were compared, e.g., demographic variables such as age, gender, and ZIP 

codes.   

 Onset of symptoms was considered a critical variable because it most likely 

represented the date a person would have called APDIC.  Rates of missing symptom 

onset dates in the APDIC database and PCHD database were compared.  Symptom onset 

date is not a variable captured routinely by APDIC; however, onset dates were recorded 
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if noted in the narrative section of the call record.  The rate of missing APDIC symptom 

onset dates was calculated by using the proportion of callers meeting the gastrointestinal 

syndrome definition without a symptom onset date and the total number of callers 

meeting the gastrointestinal syndrome definition.  The rate of missing PCHD symptom 

onset dates was calculated using the proportion of cases with a recorded symptom onset 

date and all cases during the study period.  

 For those laboratory reports on PCHD cases for which the patient’s symptom 

onset date was unavailable, an onset date was estimated for each type of foodborne 

illness (i.e., campylobacteriosis, E. coli, hepatitis A, salmonellosis, shigellosis, and 

listeriosis). Because the proportion of missing values for symptom onset dates, specimen 

collection dates, and laboratory dates changed over time, it was necessary to explore 

multiple approaches to determine the best method for estimating missing onset dates.  

The interval in days between symptom onset date and laboratory specimen collection 

date, and the interval between symptom onset date and laboratory test results date was 

calculated for both data sets.  For data set one (July 1, 2002 – December 31, 2005), the 

onset date was estimated by taking random picks from the distribution (lag in days) 

between the date the laboratory specimen was collected and symptom onset date for cases 

for which the patient’s symptom onset date was known.  For data set two (January 1, 

2006 – June 30, 2007), the symptom onset date was estimated by taking random picks 

from the distribution (lag in days) between the date the laboratory test results were 

finalized and the date of symptom onset. For both data sets, the process was repeated 

several times to assess the stability of the approach.   
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 Histograms of the distributions (e.g., lag in days between date laboratory test was 

collected and symptom onset date for each type of foodborne illness with a known 

symptom onset date) were compared to the various imputed estimates.  Line graphs of the 

various estimates were evaluated to determine if the imputed symptom onset dates 

remained stable.  

 Aim 2: Develop and compare prediction models in a training data set for 

detecting PCHD laboratory case reports of enteric illnesses on the basis of calls to 

APDIC reporting suspected foodborne illnesses.  

 Multiple prediction models were explored to retrospectively determine the 

temporal relationship between the APDIC database of calls reporting suspected 

foodborne illness episodes and the PCHD database of case reports of enteric illnesses.  

Each database was analyzed in its entirety (July 1, 2002 – June 30, 2007) to determine 

presence of trends, e.g., secular, day-of-the-week, or seasonal trends.  Poisson regression 

analyses were first explored; an appropriate method when the dependent variable (PCHD 

cases) is a count and counts are independent of each other; i.e., a case report on Monday 

does not make it more or less likely for PCHD to receive a case report on Tuesday.  An 

assumption of the Poisson distribution requires that the model mean and variance are 

equal.  Therefore, data were assessed for overdispersion, i.e., variance greater than the 

mean.  Since overdispersion was detected, negative binomial regression analyses were 

conducted using the variables in Table 4.    
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1. Training and Test Data Sets  

 Time trends were assessed using five years of historical APDIC and PCHD data.  

To develop and test prediction models, the database was split in half and the first half 

(July 1, 2002 – December 31, 2004) was used to train prediction models and the second 

half (January 1, 2005 – June 30, 2007) was used to test the prediction models.  Training 

data sets are customarily used in surveillance studies using time series to model signals 

(deviations from daily baseline counts) and noise (fluctuations in daily counts).  Test data 

sets are then used on fresh data to determine model performance.  If model performance 

remains similar than it can be interpreted that the predictive algorithm is modeling 

signals; however, if it collapses than the predictive algorithm is modeling noise.  Due to 

the nature of time series analyses, i.e., observing counts over time, there are no other 

reasonable alternatives to developing and validating prediction models.  For example, 

classic randomization is a preferred method to assess differences between groups; 

however, in time series studies, counts per day can not be randomized to training and test 

data sets because it would destroy the time series structure.  Because the training and test 

data sets are not independent, the disadvantage of the approach used in this study is that 

the results are biased in favor of good model performance in the test data set; therefore, 

caution must be used when interpreting positive results. 

 

 2. Statistical Models  

 Prediction models were developed using unadjusted and adjusted raw counts of 

calls and cases, five and seven-day moving average models, and exponentially weighted 
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models.  These models were chosen because of their ability to be computed easily, e.g., it 

would not require health departments to invest in additional costly resources for ongoing 

statistical support for syndromic surveillance.  Additionally, 40% (weighted average of 

missing symptom onset dates for the PCHD database) of the data were dropped because 

of the inability to recover missing symptom onset dates; therefore, it made more sense to 

explore simple approaches to developing and validating prediction models. 

 Simple moving average models calculate the daily counts of calls or cases within 

a specified moving time period (five or 7 day window) weighting each day the same.  

The exponentially moving average model also averages counts per day within a specified 

moving time period (28 day window); however, differs in that it assigns a greater weight 

to more recent counts.   

 The advantage of the moving average models is that they reduce noise in the data 

by smoothing out increases in counts and thus reducing the variance (occasional noise).  

The exponentially weighted moving average has the ability to reduce noise further 

through the increased window size, and may be less susceptible to trends, e.g., day-of-

the-week effects because it gives a higher weight to more recent days and because of its 

increased ability to reduce noisy data.  The major disadvantage for all moving average 

models is that they may not be accurate, because of the loss of specific information (days 

with high counts are pulled down, and days with fewer counts are pulled up); however, if 

noise is fairly constant, it may not be a big factor. 

 Once time trends were assessed, e.g., day-of-week, secular, seasonal (using 

variables listed in Table 4), the data sets were divided into training (July 1, 2002 – 
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December 31, 2004) and test data sets (January 1, 2006 – June 30, 2007).  Multiple 

approaches were explored in a factorial manner as follow:   

1. raw and adjusted counts of APDIC foodborne illness calls were compared to raw 

and adjusted counts of PCHD laboratory cases of enteric illnesses (using APDIC 

variables listed in Table 4); 

2. adjusted counts of APDIC foodborne illness calls to adjusted counts of PCHD 

laboratory cases of enteric illnesses using seven-day and five-day moving 

averages (using APDIC variables listed in Table 4); and 

3. adjusted counts of APDIC foodborne illness calls to adjusted counts of PCHD 

laboratory cases using an exponentially weighted moving average (using APDIC 

variables listed in Table 4). 

 Scatter plots and line graphs were used to visualize various cut points (thresholds 

and alarms) to determine the proportion of true positives, false positives, true negatives, 

and false negatives.  Sensitivity analyses were conducted on the models above to select 

the best fitting model from all the training models explored.  This was done using a 

systematic search algorithm developed to permit all combinations of thresholds (gold 

standards and alarms) to determine the combination of thresholds that maximized model 

characteristics. 

 Aim 3: Validate the prediction models in a test data set.   

 The prediction models constructed in the training data set (as described in Aim 2) 

were validated prospectively in the test data set.  The best fitting training models from 

each of the conditions (raw counts, seven-day and five-day moving averages, and 
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exponentially weighted moving averages), all of which were run either unadjusted or 

adjusted for underlying time trends were selected and applied to the test data to determine 

if the model characteristics remained stable or if, they degraded due to overfitting of the 

training model.  Overfitting of models could occur due to too many parameters. 
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CHAPTER IV 
 

RESULTS 
 
 
 
 

 This study employed a retrospective analysis of existing databases covering the 

time period July 1, 2002 – June 30, 2007 to determine the temporal relationship between 

the PCHD database of cases of enteric laboratory reports and the APDIC database of calls 

reporting suspected foodborne illness episodes, and to translate the temporal relationship 

into a predictive algorithm that uses APDIC calls of suspected foodborne illnesses to 

predict increases in PCHD cases of enteric illnesses that may represent clusters of 

foodborne illnesses.  This chapter includes results of descriptive analyses of sample 

characteristics, results of random imputation methods used for recovery of missing 

PCHD data, time trends detected, and a summary of how the predictive algorithms faired 

in test data. 

 

1. Sample Characteristics—APDIC Database 

 Descriptive analyses were conducted to compare sample characteristics between 

callers to APDIC and PCHD cases of enteric illnesses, including demographic variables, 

age, gender, and rates of reported foodborne illnesses.  Additional descriptive analyses 

were conducted to characterize APDIC callers with suspected foodborne illnesses, which 

included severity of the reported illness, and treatment and referral recommendations; 

exposure history included the time lapse between onset of symptoms and call to APDIC, 

and site of suspected exposure; and additional variables of interest regarding high-disease 
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transmission risk included whether the caller was a child care provider or attendee, health 

care provider or long term care attendant, food handler or had contact with livestock or 

reptiles preceding the reported illness. 

 During the study period (July 1, 2002 – June 30, 2007), APDIC received 

approximately 187 – 203 calls each day.  Of 356,382 calls received, APDIC reports 

indicate that approximately 144,571 involved exposures, of which 3,917 (2.7%) involved 

suspected foodborne illnesses or concern related to food ingestion.  An additional 

211,495 information (non-exposure) calls were received, of which 1,069 (0.5%) were 

related to questions about foodborne illness or food products (Table 5). 

 
Table 5. Description of APDIC call history for Pima County, Arizona, July 1, 2002 - June 
30, 2007. 
 

 
†Totals are for “food products/food poisoning” categories  
 
  
During July 1, 2002 – June 30, 2007, APDIC received 131,719 calls reporting human 

exposure; 74,528 (57%) were from Pima County residents.  The database search process 

and outcome were limited to Pima County callers with presumed exposures in Pima 

County (Figure 4).   
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Figure 4. Search process used to abstract foodborne illness complaint calls and outcomes 
from the APDIC database – Pima County, Arizona, July 1, 2002 – June 30, 2007.       
 

 
†More than one exposure reason category was searched; however foodborne illness calls 
were coded primarily under the exposure reason “unintentional food poisoning” 
‡868 of the 1094 calls meeting the cases definition were coded by APDIC as 
“unintentional food poisoning”; of which 835 were consistent with the syndrome 
definition. 
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Calls with suspected foodborne illnesses were identified primarily through the exposure 

reason, “unintentional food poisoning”; additional calls were identified from 

documentation in the narrative note recorded under other exposure reasons, e.g., 

“unintentional general”.  Of 4,703 calls reporting human exposures with recorded 

gastrointestinal symptoms, 3,983 (85%) were ingestion related; 1,196 (30%) of the 

ingestion calls were identified from the search process as food related calls, of which 

1,094 calls (92%) were consistent with the diarrhea/gastroenteritis syndrome definition 

used and study inclusion criteria; 835 (76%) of the 1094 calls were coded by APDIC as 

“unintentional food poisoning”.  Of the 102 food related calls that were not included in 

the study, 45 calls were excluded because the reported exposure history was more 

consistent with an adverse reaction to food, e.g., throat irritation following ingestion of 

food; 57 calls that were consistent with foodborne illness, were excluded because they 

did not meet the study’s inclusion criteria, (3 calls because of a reported history of a 

bowel disorder, 11 calls because the suspected exposure occurred outside of Pima 

County; 43 calls were excluded because the suspected exposure was food contaminated 

with chemicals).  An additional 2,787 callers with gastrointestinal symptoms were 

excluded because their presumed exposure was non-food related; one caller reported a 

laboratory exposure to an enteric organism, 20 callers reported contact with an animal or 

its feces, 108 callers reported symptoms that the poison control specialist noted in the 

narrative note were more consistent with an infectious illness than the presumed reported 

exposure, 2,633 callers reported symptoms that were related to non-food exposures such 

as medications or household products, etc., and 25 callers reported an exposure other than 
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contaminated food; however, the poison control specialist recorded in the narrative note 

that the caller’s symptoms could be due to a foodborne illness.  Of the callers reporting 

an exposure to an animal, six (30%) reported an exposure to a common household pet or 

its feces (dogs, cats, hamsters), five (25%) reported an exposure to an amphibian (river 

toads, tad poles, frogs), three (15%) reported an exposure to a reptile (snakes, lizards, 

turtles), three (15%) reported an exposure to a rodent (rats, mice), one (5%) reported an 

exposure to a duck, and one (5%) reported an exposure to a night crawler.  Although not 

an exclusion criteria, only eight (0.7%) callers reported being pregnant.   

 Six hundred seventy three (62%) persons whose reported symptoms were 

consistent with the syndrome definition called APDIC ≤ 24 hours following onset of 

symptoms, and 112 (10%) persons called > 24 hours following onset of their symptoms.  

For 309 callers (28%) onset of symptoms was undetermined.  The majority of callers 

reported the presumed exposure occurred within their residence (56%).  Of the 394 (36%) 

callers reporting an exposure outside their home, 323 (82%) reported the presumed 

exposure occurred at a restaurant, 25 (6.3%) reported at another residence, 18 (4.6%) 

reported at a school, 10 (2.5%) at their workplace, seven (1.8%) at a public area, six 

(1.5%) at a health care facility, five (1.3%) at another site, e.g., cruise ship, and for 90 

(8.2%) callers the presumed exposure site was unknown.   

 Most of the callers did not report an unusually severe foodborne illness, with only 

293 callers (27%) reporting associated symptoms that were considered to be of an 

increased severity, illness ≥ 3 days duration, fever, bloody diarrhea, bloody emesis, or 

referral by APDIC to an emergency room.  Of the callers whose foodborne illness was 
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considered to be of increased severity, 81 (28%) reported an illness ≥ 3 days duration, 

106 (36%) reported a fever, 17(6%) reported bloody diarrhea, 7 (2.4%) reported bloody 

emesis, and 170 (58%) were referred to a health care facility, and an additional 37 (13%) 

were en-route to a health care facility when they contacted APDIC.  Callers with 

increased severity of symptoms also reported additional symptoms including, 

neurological symptoms, with 20 callers (7%) reporting headaches, 13 (4.4%) reporting 

vertigo, six (2%) reporting muscle weakness, three (1%) reporting numbness of 

extremities or lips and tongue, three (1%) reporting drowsiness or lethargy, three (1%) 

reporting hallucinations; 12 reporting dermatological conditions, with three (1%) callers 

reporting erythema, four (1.4%) reporting hives, five (1.7%) reporting a rash; and a few 

callers reporting miscellaneous symptoms, such as 17 (5.8%) callers reporting body aches 

and pain, and one caller (0.34%) reporting blurred vision.  

 Most callers (79%) did not require medical attention for the management of their 

illness.  Only 170 callers (16%) were referred to a health care facility or emergency room 

for immediate medical evaluation, and an additional 37 callers (3%) were already either 

at a health care facility or en-route to a health care facility when they called APDIC.  For 

27 callers (2%) recommendation for management of their illness was unknown.  The vast 

majority of callers did not require further assistance from APDIC following their initial 

call, with only 2 (0.2%) of the callers requiring further follow-up calls to their homes, and 

one (0.1%) caller requiring further follow-up with the caller’s medical providers.  Most 

of the callers reported individual episodes of foodborne illnesses, with 279 persons (26%) 

reporting an illness involving more than one person. 
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 Very few of the callers met the high-disease transmission risk criteria; child care 

provider or attendee, health care provider or long term care attendant, food handler or 

contact with livestock or reptiles.  Two callers meeting the syndrome case definition 

reported a long term care facility (one resident and one visiting a resident) as the site of 

their exposure, and one caller reported a foodborne illness among a group home resident.  

No callers reported that they were a day care provider; however, one caller reported being 

a health care provider (0.1%), an additional caller reported working in a hospital (0.1%), 

and an additional three callers (0.3%) meeting the syndrome case definition reported the 

exposure site as a health care facility.  In total, 8 (0.7%) calls with potential foodborne 

illnesses were connected to institutional settings with vulnerable populations.  Only one 

caller meeting the syndrome case definition reported contact with a snake seven days 

prior to the onset of symptoms. 

 Adults accounted for the highest number of symptomatic calls, with 250 (23%) 

known to be aged ≥ 25-64 years, and 48 (4%) known to be > 65 years of age.  One 

hundred thirty four (12%) calls were received from adults reporting illness among 

persons aged 15-24 years, 75 (7%) reporting illness among children 5-14 years, and 71 

(7%) reporting illness among children aged < 5 years (Table 6).  Foodborne illness was 

reported among slightly more female (53%) callers than male (44%) callers (Table 6).   
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Table 6. Number and percentage of APDIC callers whose symptoms were consistent with 
the syndrome definition for foodborne illness and persons with PCHD laboratory cases of 
enteric illness, by age and sex—Pima County, Arizona, July 1, 2002—June 30, 2007. 
 

 
† The exact age of 516 callers was unknown because of overlapping age categories used 
in the Toxicall® database, which listed 2 persons as teens, 17 persons in as in their 20s, 4 
persons as in their 60s, 13 persons as a child < 19 years of age, 460 persons as an adult ≥ 
20 years, and 20 persons with an unknown age. 
 

2. Sample Characteristics—PCHD Database 

 A total of 2,698 laboratory reports of enteric illnesses were received by PCHD 

during the study period.  Table 7 provides a description of PCHD laboratory reports of 

enteric illnesses and the proportion of study cases for each enteric illness with symptom 

onset dates; July 1, 2002 – December 31, 2005 (data set one) and January 1, 2006 – June 

30, 2007 (data set two).   
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Table 7. Description of PCHD laboratory reports of enteric cases – Pima County, 
Arizona, July 1, 2002-June 30, 2007 

 
†The number of non-study cases was obtained from the Arizona Department of Health 
Services (61-66). The number of non-study cases for years 2002 and 2007 may be 
slightly elevated because summary data were available only for the entire year and not 
half year, i.e., it could not be determined from the summary data which cases occurred 
during July 1, 2002 - December 31, 2002 and January 1, 2007 – June 30, 2007. 
‡Source: Heymann D., ed. Control of communicable diseases manual. 18th ed. 
Washington, DC: American Public Health Association; 2004. 
*Study cases were provided by PCHD; therefore counts may differ from those reported 
by the Arizona Department of Health Services (61-66). 
 
 
Of the 2,698 laboratory reports of enteric illnesses, 2,433 case reports were included in 

the study as presumed foodborne illnesses (Table 8).  PCHD cases were classified by the 

Arizona Department of Health Services using case definitions for laboratory-confirmed 

and probable enteric illnesses adopted from the Centers for Disease Control (Table 2).  

The majority of PCHD cases (85%) were laboratory-confirmed enteric illnesses, while 97 
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(4.0%) were probable enteric illnesses, 53 (2.0%) were ruled out and 208 (9%) were 

cases with an unknown classification status. 

 
Table 8.  Number and proportion of PCHD enteric illness reports by serotypes for data set 
one (July 1, 2002 – December 31, 2005) and data set two (January 1, 2006 – June 30, 
2007) Pima County, Arizona 

 
† Other E. coli PCHD cases caused by the Enterohemorrhagic (EHEC) strains in  
data set two included one case each in the following serotypes: H8, H9, H10, H11, H12, 
H13, H14, H15, H16, H17, H18, H19, H20, H21, H22, H24, H25, H29, H32, H33, H34, 
H35, H36 
 
 
 Data that would link PCHD cases to each other as clusters of foodborne illnesses 

or confirmed foodborne disease outbreaks were not provided by PCHD.  Additionally, in 

most instances, for both data set one and data set two, only the names of the laboratory 

isolated enteric organism were provided (Table 8).  Lack of consistent data on serotypes 

did not allow for clustering of potential foodborne illnesses by pathogen and time period 
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to use for purposes of building and validating the detection algorithms.  For example, 

Salmonella serotypes were not provided for either of the data sets.  For data set one, 18 

(90%) of the 20 E. coli cases were due to the serotype 0157:H7; however, only one (4%) 

of the 24 E. coli cases in data set two was due to the serotype 0157:H7 (Table 8).  

Shigella serotypes were provided in data set one; however, were not provided in data set 

two, which did not allow for grouping of potential clusters of these cases.  

 Adults accounted for the highest number of PCHD cases, with 808 (33%) known 

to be aged ≥ 25-64 years, and 214 (9%) known to be > 65 years of age.  Two hundred 

fifty nine (11%) of PCHD cases occurred among persons aged 15-24 years, 318 (13%) 

occurred among children 5-14 years, and 392 (16%) occurred among children aged < 5 

years.  The age of 442 (18%) cases was unknown (Table 6).  Cases were reported among 

slightly more females (49%) than males (48%); however, for 64 cases the gender was 

unknown (4%) (Table 6).  Over half of PCHD study cases were enteric illnesses with 

short incubation periods (less than two days); 792 (32.5%) Salmonella cases and 606 

(25%) Shigella cases.  The remainder of cases had enteric illnesses with incubation 

periods of moderate length (>2 days and <10 days), 736 (30%) Campylobacter cases and 

44 (2%) E. coli cases, or enteric illnesses with long incubation periods (up to 30 – 50 

days), 244 (10%) hepatitis A cases and 11 (0.5%) Listeria cases (Table 7).  

 
3. Sample Characteristics between PCHD Databases 

 Because data quality is critical for time series analyses, i.e., changing data quality 

over time could affect the performance of statistical detection algorithms, the two data 

sets provided by PCHD were explored in terms of data quality, e.g., missing values 
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among date variables, and representativeness, e.g., similarity between demographic 

variables, diagnoses and classification of enteric cases, and interval (days) between key 

date variables.  The proportion of missing values for each date variable varied over time 

between data set one and data set two.  Improvement in data quality occurred over time 

for date of symptom onset, date laboratory specimen collected, and date of diagnosis; 

however, it worsened over time for laboratory test result date, and report date (Table 9).   

 
Table 9. Comparison of rates of missing data for date variables between PCHD data set 
one (July 1, 2002—December 31, 2005) and PCHD data set two (January 1, 2006—June 
30, 2007), Pima County, Arizona 

 

 Two-sample tests of proportion were conducted to determine if the changes that 

occurred over time in data quality with respect to missing date variables between the two 

data sets were statistically significant.  For data set one, date of symptom onset was 

missing in 815 of 1815 cases (45%), compared to 151 of 618 cases (24%) missing in data 

set two, a difference that was highly statistically significant (p<0.001).  Presence of 

information on laboratory specimen collection date also improved over time, and was 

highly statistically significant (p<0.001); for data set one, 351 of 1815 cases (19%) were 

missing compared to data set two, with 52 of 618 cases (8.4%) missing.  The presence of 

the date on which a health care provider diagnosed the enteric illness also improved over 
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time, and was highly statistically significant (p<0.001); for data set one, 1000 cases were 

missing (55%), compared to 57 (9.2%) cases missing in data set two.  However, more 

cases were missing for the laboratory test results date in data set two, and was highly 

statistically significant (p<0.001); 170 of 618 cases (27.5%) were missing in data set two 

compared to 205 of 1815 cases missing (11%) in data set one.  The report date, i.e., the 

date PCHD was notified of an enteric illness was more likely to be missing in data set 

two with 8 of 618 (1.3%) cases missing, while no report dates were missing in data set 

one; these results were also highly statistically significant (p < 0.001).   

 The average interval in days elapsed between key date variables also varied 

between the two data sets (Table 10).  The interval between laboratory specimen 

collection date and symptom onset date was longer for each enteric illness except 

listeriosis in data set two compared to data set one; however, for each diagnosis, the 

longer intervals in data set two were not statistically significant from data set one.  The 

interval between laboratory test result date and laboratory specimen collection date was 

similar between the data sets for campylobacteriosis and hepatitis A, however, was 

slightly longer for shigellosis cases in data set two (4.5 days versus 4.1 days), which was 

statistically significant (p<0.04), and was longer for salmonellosis cases in data set two 

(6.8 days versus 4.8 days), which was statistically significant (p< 0.02), while the same 

interval was shorter for E. coli cases in data set two compared to data set one (4.7 days 

versus 7.0), although it was not statistically significant (p<0.5).  The interval between the 

date enteric illnesses were reported to PCHD and symptom onset date was again similar 

between the data sets for campylobacteriosis and hepatitis A; however, longer for 
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salmonellosis cases in data set two (26.6 days in data set two compared to 21 days), and 

longer for shigellosis cases in data set one (20 days compared to 16 days); however, the 

differences in intervals between the data sets for each diagnosis was not statistically 

significant.  

 
Table 10. Comparison of the average interval (days) for date variables between PCHD 
data set one (July 1, 2002 – December 31, 2005) and PCHD data set two (January 1, 2006 
– June 30, 2007), Pima County, Arizona 
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 The interval (days) between symptom onset date for each enteric illness and date 

of report notification to PCHD is important because it represents the time lapse before 

traditional public health foodborne illness surveillance systems could identify an increase 

in cases and initiate outbreak investigations, and represents a potential benefit to be 

gained in earlier identification of potential outbreaks from poison control center 

foodborne illness syndromic surveillance detection systems that monitor trends in pre--

diagnostic data.  The interval (days) between symptom onset date and report notification 

date, to PCHD improved minimally over time, and was not statistically significant; 

implementation of electronic reporting, which occurred during data set two (January 1, 

2006 – June 30, 2007) did not demonstrate statistically significant earlier notification to 

PCHD of laboratory reports of enteric cases than data set one.  For data set one, 48% of 

case reports were received by PCHD within 14 days, while 52% of case reports in data 

set two(Figure 5), were received by PCHD within the same time period (p=0.16).  

Seventy percent of case reports in data set one were received by PCHD within 21 days 

compared to 74% of case reports in data set two (p=0.1).  By 56 days, 95% of case 

reports were received by PCHD for both data sets.  There was delayed notification of 

case reports (extreme outliers) for data set two, which was highly statistically significant.  

All of the case reports were received by PCHD within 217 days (roughly 7 months) from 

symptom onset date for data set one, compared to 99% for data set two, which was 

statistically significant longer than for data set one (p < 0.003).  All of data set two case 

reports were received by PCHD within 309 days (roughly 10 months). 
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Figure 5. The cumulative distribution of reporting lags in days between symptom onset 
date and notification to PCHD, for PCHD cases in data set one (July 1, 2002—December 
31, 2005), compared to data set two (January 1, 2006 – June 30, 2007), Pima County, 
Arizona  
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 Demographic variables were somewhat similar between PCHD data sets with 

some differences noted within age, gender, racial, and ethnic categories, which may be 

partially explained by a higher proportion of missing data for data set one in these 

demographic categories (Table 11).  There were fewer enteric illnesses in data set one 

within all age categories, except for adults age 65 and older, in which there was no 

difference (9% in data set one compared to 9% in data set two).  For both data sets, adults 

accounted for the highest number of enteric illnesses, with 549 (30%) adults aged 25-64 

01July2002—31December2005 01January206—30June2007 
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in data set one, compared to 259 (42%) adults aged 25-64 in data set two; the difference 

between the data sets was statistically significant (p< 0.0001).  There were fewer enteric 

illnesses among children aged < 5 years in data set one than data set two (15% compared 

to 21% in data set two), which was statistically significant (p <0.001).  There were fewer 

enteric illnesses among children ages 15-24 in data set one (12% compared to 15% in 

data set two), which was also statistically significant (p<0.05).  There were slightly more 

males with reported enteric illnesses in data set two than data set one (52% compared to 

48% in data set one), which was not statistically significant, however, for 64 (4%) enteric 

illness cases in data set one, the gender was unknown.  Variation was also noted between 

the data sets within minority racial categories; however, for 476 (26%) enteric illness 

cases in data set one, race was unknown, compared to 91 (15%) cases in data set two, 

which was statistically significant (p < 0.0001).  Differences in ethnicity were also noted, 

with 615 cases (34%) among Hispanics or Latinos cases in data set one compared to data 

set two (42%), which was statistically significant (p < 0.0003).   
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Table 11. Comparison of number and percentage of enteric illness cases in PCHD data 
set one (July 1, 2002 — June 30, 2005) and data set two (January 1, 2006 — June 30, 
2007) Pima County, Arizona 
 

 

 

 

 

  PCHD Enteric Illness Cases
Data set One 

PCHD Enteric Illness Cases
Data set Two 

Characteristic  No. (%) No.  (%) 
Age group (yrs)       
       <5  262 (15) 130  (21) 
   5–14  223 (12) 95  (15) 
  15–24  185 (10) 74  (12) 
  25–64  549 (30) 259  (42) 
      ≥65  159 (9) 55  (9) 
  Unknown  437 (24) 5  (1) 
Sex       
  Female  871 (48) 299  (48) 
  Male  880 (48) 319  (52) 
  Unknown  64 (4) 0  (0) 
Race       
  White  1124 (62) 393  (64) 
  American Indian/ 
  Native Alaskan  10 (0.5) 58 

 
(9) 

  Black  178 (10) 5  (1) 
  Asian  15 (0.8) 5  (1) 
  Other  12 (0.7) 66  (10) 
  Unknown  476 (26) 91  (15) 
Ethnicity       
  Not Hispanic or  Latino  820 (45) 229  (37) 
  Hispanic or Latino  615 (34) 257  (42) 
  Unknown  380 (21) 132  (21) 
Total  1,815 (100) 618  (100) 
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 4. Database Management—APDIC   
 
 The variables with the highest error correction rates (Table 12) were exposure 

reason (27%), exposure site (38%), and multiple patients (55%).  APDIC under detected 

259 (24%) callers, i.e., callers meeting the syndrome case definition were incorrectly 

coded using primarily the following exposure reasons, “unintentional general” and 

“adverse reaction to food”.  The Toxicall® database that APDIC uses, defines 

unintentional food poisoning as all suspected or confirmed food poisonings, including 

ingestion of food contaminated with microorganisms, whether the caller is symptomatic 

or asymptomatic.  Calls reporting food allergies, food deliberately contaminated, or calls 

about possibly spoiled food that has not been ingested are coded under other exposure 

reasons.  APDIC coded 169 callers as “unintentional general”; however, the caller’s 

description of their illness was more consistent with the syndrome case definition, and 

they were therefore included in the study.  An additional 75 callers were coded as food 

allergies (“adverse reaction to food”); however, after reviewing the call record, 45 of the 

75 calls appeared to be possible food allergies, and were removed from the study; the 

remaining 30 were more consistent with the syndrome case definition and were included 

in the study.  Forty one callers were additional cases identified in a call, but not given a 

case record, and were therefore not identified as “unintentional food poisoning”.  An 

additional 33 callers were coded as “unintentional food poisoning”; however, their 

illnesses were not consistent with the gastrointestinal syndrome definition used, and 

therefore were not included in the study. 
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Table 12. Proportion of APDIC variables that were corrected as part of the data cleaning 
processes, Pima County, Arizona, July 1, 2002 – June 30, 2007 
 
Code Type/Code Value      Corrected Code Value  
         Error Rate 
         (Proportion Changed) 
________________________________________________________________________ 
Patient Information 
Gender*        48/1094=4% 
 Male           7 
 Female          11 
 Unknown         30 

Exposure Information  
Exposure Reason*       292/1094=27% 
 Unintentional general:       169 
 Unintentional food poisoning:       74 
 Other – contamination/tampering         2 
 Adverse reaction – drug          1 
 Adverse reaction – food        45 
 Unknown reason           1 

Exposure Site*       416/1094=38% 
 Own residence,       188 
 Other residence           6 
 Workplace            4 
 Health  care facility           5 
 School           13 
 Restaurant/food service       121 
 Public area            0 
 Other             2 
 Unknown           77 

Multiple Patients*       154/279=55% 
 Yes (identified by APDIC)      125 
 No (missed by APDIC)      154 

General Information 
Management Site*        62/1094=6% 
 Managed on-site (non health care facility)     27 
 Patient already (enroute to) health care facility when PCC called  10 
 Patient was referred by PCC to a health care  facility    13 
 Other            0 
 Unknown          12  
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Substances  
Routes of Exposure        3/1094=0.3% 
 Ingestion*           3 
 Inhalation/nasal 
 Dermal 

Clinical Effects (clinical symptoms)     149/1094=14% 
Gastrointestinal*     
 Abdominal pain         6 
 Blood per rectum (bloody diarrhea)       7 
 Dehydration          0 
 Diaphoresis          6 
 Diarrhea        15 
 Hematemesis/UGI bleed        1 
 Melena (bloody diarrhea)        0 
 Nausea           4 
 Oral burns (including lips)        0 
 Oral irritation                     1 
 Throat irritation         2 
 Vomiting                   15 

Dermal* 
 Erythema/flushed          1 
 Hives/welts           0 
 Irritation/pain           1 
 Rash            0 

Miscellaneous*  
 Fever           43 
 Pain (not dermal/ocular)        14 
 Other           18 

Neurological* 
 Dizzy/vertigo            1 
 Drowsy/lethargy           0 
 Hallucinations            0 
 Headache            3 
 Muscle weakness           7 
 Numbness            3 

Ocular* 
 Blurred vision                       1 
 
* These variables were considered key variables for automated foodborne surveillance 
systems and were therefore corrected using data in the narrative note section of the caller 
record 
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 The exposure site variable had an error rate of 38%.  Exposure site is the location 

the caller identifies as the site of the suspected exposure.  Exposure sites with the highest 

errors were home residence, restaurant/food service, and school.  An additional 77 callers 

did not have a recorded exposure site.  Exposure site is important as it would help track 

suspicious clusters with similar exposure sites, e.g., restaurants. 

 The multiple patient variable (yes, no) had the highest error rate (55%), i.e., 279 

callers were identified as multiple patients; however, 154 callers (55%) were not 

identified correctly as involving more than one person, and therefore would not be 

detected as suspected foodborne illness clusters in an automated foodborne illness 

surveillance system.  Failure to identify the 155 callers is attributed partially to the 

APDIC database, which does not identify the first caller as a contact, and attributed 

partially to coding discrepancies by poison control specialists who record contacts in the 

narrative note (not automated), and do not utilize the drop down variable, multiple 

patients (automated). 

 Other variables had lower error rates; however, remain important in terms of case 

ascertainment, and they include clinical effects (14%), route of exposure (0.3%), and 

management site (6%).  Because inclusion in the study starts with callers reporting 

ingestion, three callers (0.3%) would not have been included, and an additional 149 

callers (14%) did not have their clinical effects properly coded, of which, abdominal pain 

was not recorded for 6 callers, nausea was not recorded for 4 callers, vomiting was not 

recorded for 15 callers, and diarrhea was not recorded for 15 callers.  Other callers did 



 
 
 

 91 

not have symptoms recorded that would identify them as having an unusually severe 

foodborne illness, and include bloody diarrhea (seven callers), bloody emesis (one caller), 

and fever (45 callers).  Sixty two (6%) callers did not have the management site coded 

correctly.  Management site is an important variable as it would help identify callers with 

an unusually severe foodborne illness that were referred to health care facilities. 

 

5. Database Management—PCHD Data Set One and Data Set Two  

 PCHD databases were cleaned and standardized following a systematic process 

prior to analyzing the data (Figure 6).  Thirty six (2%) boundary cases outside of the 

study period (date variables < July 1, 2002) for data set one were dropped   An additional 

18 boundary cases in data set one, (date variables > December 31, 2005) were 

inadvertently dropped rather than appended to data set two, resulting in a 3% loss of 

cases for data set two.  However, five of these 18 cases did not have a date of symptom 

onset and would have been dropped from the algorithm development and validation 

analyses; therefore there was a 2% net loss of cases to data set two.  Thirty eight 

boundary cases from data set two (date variables with dates < January 1, 2006) were 

appended to data set one.  There were 1815 cases in the final data set one (July 1, 2002—

December 31, 2005), and there were 618 cases in the final data set two (January 1, 

2006—June 30, 2007). 
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Figure 6. PCHD data cleaning and standardization processes and results for data set one 
(July, 2002 – December 31, 2005) and data set two (January 1, 2006 – June 30, 2007), 
Pima County, Arizona 
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a. PCHD Database – Missing Symptom Onset Dates 

 Onset of symptoms was considered a critical variable because it most likely 

represented the date a person would have called APDIC.  However, for 40% of PCHD 

cases, date of symptom onset was unavailable; onset of symptoms date were unavailable 

for 45% of PCHD cases in data set one and 24% of PCHD cases in data set two.  The 

unavailability rate varied over time.  The unavailability rate (Figure 7) was 50% in year 

one (July 1, 2002—June 30, 2003), 51% in year two (July 1, 2003—June 30, 2004); 

however, declined to 37% for years three (July 1, 2004—June 30, 2005) and four (July 1, 

2005—June 30, 2006), and for year five declined even further to 23% (July 1, 2006 – 

June 30, 2007).  The unavailability rate in years three and four was statistically 

significantly different from years one and two (p<0.001).  The unavailability rate for year 

five (23%) was statistically significantly different from the unavailability rate in years 

one through four (p<0.001). 

Figure 7. The unavailability rate for symptom onset date for PCHD cases in data set one 
(July 1—2002 – December 31, 2005) and data set two (January 1, 2007 – June 30, 2007) 
Pima County, Arizona 
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 Random imputation methods were used to estimate symptom onset dates for 

PCHD cases in which the symptom onset date was unknown.  A systematic process was 

used to generate lags (intervals in days) from which randomly imputed missing symptom 

onset dates were estimated.  Both data sets were first assessed to determine the proportion 

of missing values between two possible lags to determine the best interval for imputing 

missing symptom onset dates; symptom onset date and laboratory test results date (Table 

13), and symptom onset date and laboratory collection date (Table 14).  For example, 82 

(4%) cases were missing laboratory test results in data set one (Table 13) compared to 

157 (9%) of cases missing laboratory collection dates (Table 14).   

 
Table 13. Comparison of missing laboratory test results for PCHD enteric cases in data 
set one, July 1, 2002 - December 31, 2005 (N=1,815) and PCHD enteric cases in data set 
two, January 1, 2006 - June 30, 2007 (N=618), Pima County, Arizona 
 

Missing 
Symptom onset date 

 Missing 
Laboratory test result date 

  

  0 1  Total
0  918 

(51) 
82 
(4) 

 1,000
(55)

1  692 
(38) 

123 
(7) 

 815
(45)

Total  1,610 
(89) 

205 
(11) 

 1,815
(100.00)

Missing 
Symptom onset date 

 Missing 
Laboratory test result date 

  

  0 1  Total
0  338 

(55) 
129 
(21) 

 467
(76)

1  110 
(18) 

41 
(6) 

 151
(24)

Total  448 
(73) 

170 
(27) 

 618
(100.00)
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Table 14. Comparison of missing laboratory specimen collection dates for PCHD enteric 
cases in data set one, July 1, 2002 - December 31, 2005 (N=1,815) and PCHD enteric 
cases in data set two, January 1, 2006 - June 30, 2007 (N=618), Pima County, Arizona 
 

Missing 
Symptom onset date 

 Missing 
Laboratory collection date 

  

  0 1  Total
0  843 

(46) 
157 
(9) 

 1,000
(55)

1  621 
(35) 

194 
(10) 

 815
(45)

Total  1,464 
(81) 

351 
(19) 

 1,815
(100.00)

Missing 
Symptom onset date 

 Missing 
Laboratory collection date 

  

  0 1  Total
0  426 

(69) 
41 
(7) 

 467
(76)

1  140 
(23) 

11 
(1) 

 151
(24)

Total  566 
(92) 

52 
(8) 

 618
(100.00)

 

Additionally, the proportion of missing laboratory test results date was lower in data set 

one, 4% compared to 21% in data set two (Table 13), which was highly statistically 

significant (p < 0.0001); therefore, for data set one, the interval between symptom onset 

date and laboratory test results date was selected for imputing missing symptom onset 

dates.  In contrast, for data set two, there were 129 (21%) cases missing laboratory test 

results date (Table 13), and only 41 (7%) cases missing laboratory collection specimen 

dates (Table 14).  Additionally, the proportion of missing laboratory specimen collection 

date was higher in data set one, 9% compared to 7% in data set two (Table 14); however 

this difference was not statistically significant; therefore, for data set two, the interval 

between symptom onset date and laboratory specimen collection date was chosen to 
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impute missing symptom onset dates.  Ultimately, it was determined that the best 

approach for imputing missing symptom onset dates was the one that maximized the use 

of available data, i.e., lags were computed from intervals with fewer date values missing 

even though the same interval, i.e., same process could not be standardized for both data 

sets. 

 b. PCHD Database – Imputed Time Series Trends 

 Multiple runs of PCHD cases were conducted in each of which a new string of 

random imputed dates were generated based on the distribution of known lags.  An alarm 

is that threshold that detects a signal of interest (aberration from baseline).  Because it 

wasn’t known apriori the threshold that would trigger an alarm, multiple runs were 

conducted to determine which detected the best signals.  The number of alarms for each 

estimate was determined by counting the number of days in which there was ≥ three 

PCHD cases each day.  Overall the inconsistent pattern of alerts remained fairly constant 

over time despite the concurrent improvement in data quality, i.e., fewer missing 

symptom onset dates.  For example, in data set one, for the time period July 1, 2002 – 

October 31, 2002 in which there was an unavailability rate of 50%, the number of 

generated alarms over the 92 day period varied from 34 to 41 (Figure 8).  In addition the 

timing and intensity of the alarms varied for all four estimates (Figure 8).  For the time 

period, October 1, 2004—December 31, 2004, in which there was an unavailability rate 

of 37%, two of the estimates generated six alarms, one estimate generated four alarms, 

and one estimate generated three alarms; all estimates were different from each other 

despite the similarity in the alerting threshold for two of the alarms (Figure 9).   
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 To facilitate visualizing peaks of PCHD cases, (facilitate detection of clusters of 

enteric illnesses), several daily plots of peaks of PCHD cases were constructed, i.e., 

consecutive days in which the threshold was ≥ three cases each day.  As with the daily 

plots of spikes of cases, the imputed time series structure for peaks of cases changed for 

each estimate, generating alerts that varied for each estimate in number, timing and 

intensity (shape of the alert).  For the time period July 1, 2002 – September 30, 2002, the 

number of alarms generated for peaks of PCHD cases ranged from 17 to 29 clusters 

(Figure 10) depending on the estimate, and for the time period October 1, 2004 – 

December 31, 2004, the number of peaks ranged from four to seven; an inconsistency in 

the timing and intensity of the alarms continued to be demonstrated (Figure 11).  In 

summary, comparing independent imputation runs of daily spikes of cases or potential 

clusters of cases resulted in a great deal of variability for each attempted run. 

 The inconsistent pattern in timing and frequency of generated alarms for data set 

two remained despite improving data quality.  For the time period, July 1, 2006 – 

September 30, 2006 in which there was an unavailability rate of 23%, all four estimates 

generated varying number of alerts from 18 to 22 peaks detected, and an inconsistent 

pattern in the timing and frequency of the generated alerts (Figure 12).  For the time 

period October 1, 2006 – December 31, 2006 three estimates generated 13 alarms, and 

one estimate generated 12 alarms (Figure 13); however, all estimates demonstrated an 

inconsistent pattern in the timing and intensity of the alarms.  Therefore, because the 

imputed symptom onset dates were unstable, it was concluded that it was not reasonable 

to construct and test algorithms using imputed symptom onset dates.  Imputing missing 
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values is especially challenging for time series data, because imputing requires a two-step 

process, which involves generating missing values and then plugging them into time 

series analyses to try to use them to generate “alarms”; the two-step process results in the 

demonstrated variation in outcome, even though the imputed distribution looked very 

much like the original lag distributions they came from. 
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Figure 8: Daily plots of PCHD cases using various estimates, Pima County, Arizona, July 
1, 2002 – September 30, 2002  
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Figure 9: Daily plots of PCHD cases using various estimates, Pima County, Arizona, 
October 1, 2004 – December 31, 2004  
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Figure 10: Daily plots of peaks of PCHD cases using various estimates, Pima County, 
Arizona, July 1, 2002 – September 30, 2002  
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Figure 11: Daily plots of peaks of PCHD cases using various estimates, Pima County, 
Arizona, October 1, 2004 – December 31, 2004  
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Figure 12: Daily plots of peaks of PCHD cases using various estimates, Pima County, 
Arizona, July 1, 2006 – September 30, 2006  
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Figure 13: Daily plots of peaks of PCHD cases using various estimates, Pima County, 
Arizona, October 1, 2006 – December 31, 2006  
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6. Prediction Models  

 Because it was not feasible to use imputed data to fill in missing symptom onset 

dates, PCHD cases with missing symptom onset dates were dropped from both data set 

one and two, and the two data sets were then combined for the remaining time series 

analyses.  Poisson regression analyses were first conducted, standard methodology for 

count data; however, overdispersion was detected, i.e., the variance was larger than the 

mean (Table 15).  Multiple negative binomial regression analyses were then conducted to 

assess for the presence of trends for the PCHD time series and the four APDIC outcome 

variables; “APDIC, start date”, “APDIC, onset date”, “PI, start date”, and “PI onset date”.  

AIC and BIC fit statistics were used to compare the log likelihoods.  The best fitting 

model, i.e., the model with the smallest AIC and BIC values, incorporated season as the 

time trend variable (Table 16).  Residuals were then obtained from the best fitting model 

for each of the five time series because residuals are equivalent to de-trending the data for 

subsequent analyses.   

Table 15.  Description of the outcome variables for each of the five time series, Pima 
County, Arizona, July 1, 2002 — June 30, 2007 

Outcome Variables  Mean  Variance 
     Number of PCHD Cases/Day  0.8  1.0 
     
     Number of APDIC Calls/Day 
        “APDIC/Start Date” 

  
0.48 

  
0.78 

     
     Number of APDIC Calls/Day 
        “APDIC/Onset Date” 

  
0.48 

  
0.75 

     
     Number of APDIC Calls/Day 
        “PI/Start Date” 

  
0.6 

  
1.1 

     
     Number of APDIC Calls/Day 
        “PI/Onset Date” 

  
0.6 

  
1.0 
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Table 16.  Description of best fitting model for each of the five time series, Pima County, 
Arizona, July 1, 2002—June 30, 2007 
 

Outcome Variable Predictor Variables AIC BIC 
Number of PCHD Cases dateonset, i.year 4394 4438 
 dateonset, i.month 4331 4672 
 dateonset, i.year, i.month 4319 4633 
 dateonset, i.season 4354 4387 
 dateonset, i.season, i.year 4341 4402 
Number of APDIC Calls dateonset, i.year 3388 3432 
     “APDIC/Start Date” dateonset, i.month 3427 3769 
 dateonset, i.year, i.month 3431 3789 
 dateonset, i.season 3378 3411 
 dateonset, i.season, i.year 3386 3446 
Number of APDIC Calls dateonset, i.year 3388 3432 
     “APDIC/Onset Date” dateonset, i.month 3419 3761 
 dateonset, i.year, i.month 3423 3781 
 dateonset, i.season 3378 3411 
 dateonset, i.season, i.year 3385 3446 
Number of APDIC Calls dateonset, i.year 3853 3898 
     “PI/Start Date” dateonset, i.month 3885 4226 
 dateonset, i.year, i.month 3887 4239 
 dateonset, i.season 3849 3882 
 dateonset, i.season, i.year 3850 3910 
Number of APDIC Calls dateonset, i.year 3852 3896 
     “PI/Onset Date” dateonset, i.month 3874 4216 
 dateonset, i.year, i.month 3874 4221 
 dateonset, i.season 3848 3881 
 dateonset, i.season, i.year 3848 3909 

 

 a. Trends Detected– Unadjusted Raw Counts  

 All four of the training models using unadjusted raw counts of calls/day and 

cases/day performed poorly, with sensitivities ranging from 50% to 67%, and 

specificities ranging from 60% to 67% generated at the lowest threshold levels (Tables 

17, 19, 21, 23), i.e., when an alarm is triggered at one APDIC call, 4 PCHD enteric 

illness cases would be expected.  Model performance declined further in all unadjusted 
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test models, with sensitivities ranging from 32% to 36%, and specificities ranging from 

63% to 70% (Tables 18, 20, 22, 24); however, threshold levels were higher, i.e., when an 

alarm is triggered at two APDIC calls, four PCHD cases would be expected.  Adjusting 

APDIC call data by the four outcomes did not improve model performance.  The two 

unadjusted models using APDIC and PI coding on the “start date” had the highest 

sensitivities in the training data set; however, the model using PI coding on the date of 

symptom onset did the best in the test data set with a sensitivity of 36%, compared to the 

other models at 32%. 

 b. Trends Detected– Adjusted Raw Counts  

 Model performance did not improve substantially using raw counts adjusted for 

seasonality in the training data set, with sensitivities ranging in all four adjusted models 

from 46% to 67%, and specificities ranging from 60% to 67% (Tables 25 and 26).  

Adjusted model performance declined further in the test data sets with sensitivities 

ranging from 0% to 20%; however, specificities were higher at 86% to 89%, compared to 

63% to 70% in the unadjusted data set, and accuracies increased to 85% to 88%, 

compared to 63% to 69% (Tables 25 and 26).  Although the adjusted raw count models 

did not improve the sensitivities in the training and test data sets, the alerting thresholds 

increased from the unadjusted raw count models from one APDIC call and four PCHD 

cases to two APDIC calls and four to five PCHD cases.  

 c. Trends Detected – Unadjusted Lags 

 Scatter plots were constructed to examine the relationship between unadjusted 

raw counts of APDIC calls and PCHD cases for each of the four APDIC outcomes 
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(“APDIC/start”, “APDIC/onset”, “PI/start”, “PI/onset”) at one-day, two-day, five-day 

and seven-day lags, i.e., PCHD cases would precede APDIC calls, and one-day, two-day, 

five-day, and seven-day leads, i.e., APDIC calls would precede PCHD cases.  Scatter 

plots did not detect any lag or lead effects in the relationship between unadjusted raw 

counts of APDIC calls and unadjusted counts of PCHD cases for any of the APDIC 

outcomes; a pattern emerged of increasing number of false positive calls and cases that 

was demonstrated for each outcome.  Figures 22-25 provide examples of the lack of 

trends detected in lag and lead relationships between APDIC calls and PCHD cases using 

APDIC outcome variables, and Figures 26 – 29 provide examples of the lack of trends 

detected in lag and lead relationships between APDIC calls and PCHD cases using PI 

outcome variables. 

 d. Trends Detected – Adjusted Lags 

 Scatter plots examining the relationship between adjusted raw counts of APDIC 

calls and PCHD cases for each of the four APDIC outcomes (“APDIC/start”, 

“APDIC/onset”, “PI/start”, “PI/onset”) at one-day, two-day, five-day and seven-day lags, 

and one-day, two-day, five-day, and seven-day leads, demonstrated the same trends as 

with the unadjusted raw counts.  Scatter plots did not detect any lag or lead effects in the 

relationship between adjusted raw counts of APDIC calls and adjusted counts of PCHD 

cases for any of the APDIC outcomes; a similar pattern emerged of increasing number of 

false positive calls and cases was demonstrated for each outcome.  Figures 30-33 provide 

examples of the lack of trends detected using adjusted raw counts in lag and lead 

relationships between APDIC calls and PCHD cases using APDIC outcome variables, 
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and Figures 34 – 37 provide examples of the lack of trends detected using adjusted raw 

counts in lag and lead relationships between APDIC calls and PCHD cases using PI 

outcome variables. 

 e. Trends Detected – Unadjusted and Adjusted Lags, Seven-Day Moving 

Averages  

 Because no trends in lags or leads were demonstrated for unadjusted and adjusted 

raw counts, further exploration of lags and leads was limited to the seven-day moving 

average model.  Scatter plots of unadjusted seven-day moving averages did not reveal 

any lag or lead relationships between APDIC calls and PCHD cases.  Figures 38 and 39 

provide examples of the lack of trends detected using unadjusted seven-day moving 

averages in one-day, two-day, five-day, and 15-day lag and lead relationships between 

APDIC calls and PCHD cases using APDIC identified foodborne illnesses on the date the 

call was received by APDIC, and Figures 40 – 41 provide examples of the lack of trends 

detected using adjusted seven-day moving averages in lag and lead relationships between 

APDIC calls and PCHD cases using APDIC identified foodborne illnesses on the date the 

call was received by APDIC.  Extending the lags and leads to 15 days did not capture a 

relationship between calls and cases. 
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Table 17. Description of the sensitivity analyses for the “training data set” of unadjusted 
raw counts of APDIC identified foodborne illnesses on the date the call was received by 
APDIC, compared to unadjusted raw counts of PCHD cases, Pima County, Arizona, July 
1, 2002 — December 31, 2004 
 

Alarm Gold TP TN FN FP Sens Spec ACC PPV NPV
1 1 150 312 294 159 0.34 0.66 0.50 0.49 0.51
1 2 53 502 104 256 0.34 0.66 0.61 0.17 0.83
1 3 22 585 21 287 0.51 0.67 0.66 0.07 0.97
1 4 8 602 4 301 0.67 0.67 0.67 0.03 0.99
1 5 0 604 2 309 0.00 0.66 0.66 0.00 1.00
2 1 52 416 392 55 0.12 0.88 0.51 0.49 0.51
2 2 23 674 134 84 0.15 0.89 0.76 0.21 0.83
2 3 9 774 34 98 0.21 0.89 0.86 0.08 0.96
2 4 2 798 10 105 0.17 0.88 0.87 0.02 0.99
2 5 0 806 2 107 0.00 0.88 0.88 0.00 1.00
3 1 20 449 424 22 0.05 0.95 0.51 0.48 0.51
3 2 8 724 149 34 0.05 0.96 0.80 0.19 0.83
3 3 2 832 41 40 0.05 0.95 0.91 0.05 0.95
3 4 0 861 12 42 0.00 0.95 0.94 0.00 0.99
3 5 0 871 2 42 0.00 0.95 0.95 0.00 1.00
4 1 7 462 437 9 0.02 0.98 0.51 0.44 0.51
4 2 3 745 154 13 0.02 0.98 0.82 0.19 0.83
4 3 2 858 41 14 0.05 0.98 0.94 0.13 0.95
4 4 0 887 12 16 0.00 0.98 0.97 0.00 0.99
4 5 0 897 2 16 0.00 0.98 0.98 0.00 1.00
5 1 3 464 441 7 0.01 0.99 0.51 0.30 0.51
5 2 1 749 156 9 0.01 0.99 0.82 0.10 0.83
5 3 1 863 42 9 0.02 0.99 0.94 0.10 0.95
5 4 0 893 12 10 0.00 0.99 0.98 0.00 0.99
5 5 0 903 2 10 0.00 0.99 0.99 0.00 1.00
6 1 2 468 442 3 0.00 0.99 0.51 0.40 0.51
6 2 1 754 156 4 0.01 0.99 0.83 0.20 0.83
6 3 1 868 42 4 0.02 1.00 0.95 0.20 0.95
6 4 0 898 12 5 0.00 0.99 0.98 0.00 0.99
6 5 0 908 2 5 0.00 0.99 0.99 0.00 1.00
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Alarm Gold TP TN FN FP Sens Spec ACC PPV NPV
7 1 1 469 443 2 0.00 1.00 0.51 0.33 0.51
7 2 0 755 157 3 0.00 1.00 0.83 0.00 0.83
7 3 0 869 43 3 0.00 1.00 0.95 0.00 0.95
7 4 0 900 12 3 0.00 1.00 0.98 0.00 0.99
7 5 0 910 2 3 0.00 1.00 0.99 0.00 1.00
8 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
8 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
8 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
8 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
8 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00
9 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
9 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
9 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
9 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
9 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00

10 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
10 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
10 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
10 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
10 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00

 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Figure 14. Description of unadjusted raw counts of APDIC identified foodborne illnesses 
on the date the call was received by APDIC, compared to unadjusted raw counts of 
PCHD cases, Pima County, Arizona, July 1, 2002—December 31, 2004  
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Figure 15. Description of scatter plots of unadjusted raw counts of APDIC identified 
foodborne illnesses on the date the call was received by APDIC, compared to unadjusted 
raw counts of PCHD cases, Pima County, Arizona, July 1, 2002—December 31, 2004  
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Table 18. Description of the sensitivity analyses for the “test data set” of unadjusted raw 
counts of APDIC identified foodborne illnesses on the date the call was received by 
APDIC, compared to unadjusted raw counts of PCHD cases, Pima County, Arizona, 
January 1, 2005—June 30, 2007 
 
Alarm Gold TP TN FN FP Sens Spec Acc PPV NPV

1 1 138 290 346 137 0.29 0.68 0.47 0.50 0.46
1 2 56 487 149 219 0.27 0.69 0.60 0.20 0.77
1 3 24 577 59 251 0.29 0.70 0.66 0.09 0.91
1 4 8 619 17 267 0.32 0.70 0.69 0.03 0.97
1 5 1 1234 8 583 0.11 0.68 0.68 0.00 0.99
2 1 40 393 444 34 0.08 0.92 0.48 0.54 0.47
2 2 20 652 185 54 0.10 0.92 0.74 0.27 0.78
2 3 4 758 79 70 0.05 0.92 0.84 0.05 0.91
2 4 2 814 23 72 0.08 0.92 0.90 0.03 0.97
2 5 0 830 7 74 0.00 0.92 0.91 0.00 0.99
3 1 10 419 474 8 0.02 0.98 0.47 0.56 0.47
3 2 5 693 200 13 0.02 0.98 0.77 0.28 0.78
3 3 1 811 82 17 0.01 0.98 0.89 0.06 0.91
3 4 1 869 24 17 0.04 0.98 0.95 0.06 0.97
3 5 0 886 7 18 0.00 0.98 0.97 0.00 0.99
4 1 1 423 483 4 0.00 0.99 0.47 0.20 0.47
4 2 1 702 204 4 0.00 0.99 0.77 0.20 0.77
4 3 1 824 82 4 0.01 1.00 0.91 0.20 0.91
4 4 1 882 24 4 0.04 1.00 0.97 0.20 0.97
4 5 0 899 7 5 0.00 0.99 0.99 0.00 0.99
5 1 1 425 483 2 0.00 1.00 0.47 0.33 0.47
5 2 1 704 204 2 0.00 1.00 0.77 0.33 0.78
5 3 1 826 82 2 0.01 1.00 0.91 0.33 0.91
5 4 1 884 24 2 0.04 1.00 0.97 0.33 0.97
5 5 0 901 7 3 0.00 1.00 0.99 0.00 0.99
6 1 0 426 484 1 0.00 1.00 0.47 0.00 0.47
6 2 0 705 205 1 0.00 1.00 0.77 0.00 0.77
6 3 0 827 83 1 0.00 1.00 0.91 0.00 0.91
6 4 0 885 25 1 0.00 1.00 0.97 0.00 0.97
6 5 0 903 7 1 0.00 1.00 0.99 0.00 0.99
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Alarm Gold TP TN FN FP Sens Spec Acc PPV NPV 
7 1 0 427 484 0.00 0.00 1.00 0.47  0.47
7 2 0 706 205 0.00 0.00 1.00 0.77  0.77
7 3 0 828 83 0.00 0.00 1.00 0.91  0.91
7 4 0 886 25 0.00 0.00 1.00 0.97  0.97
7 5 0 904 7 0.00 0.00 1.00 0.99  0.99
8 1 0 427 484 0.00 0.00 1.00 0.47  0.47
8 2 0 706 205 0.00 0.00 1.00 0.77  0.77
8 3 0 828 83 0.00 0.00 1.00 0.91  0.91
8 4 0 886 25 0.00 0.00 1.00 0.97  0.97
8 5 0 904 7 0.00 0.00 1.00 0.99  0.99
9 1 0 427 484 0.00 0.00 1.00 0.47  0.47
9 2 0 706 205 0.00 0.00 1.00 0.77  0.77
9 3 0 828 83 0.00 0.00 1.00 0.91  0.91
9 4 0 886 25 0.00 0.00 1.00 0.97  0.97
9 5 0 904 7 0.00 0.00 1.00 0.99  0.99

10 1 0 427 484 0.00 0.00 1.00 0.47  0.47
10 2 0 706 205 0.00 0.00 1.00 0.77  0.77
10 3 0 828 83 0.00 0.00 1.00 0.91  0.91
10 4 0 886 25 0.00 0.00 1.00 0.97  0.97
10 5 0 904 7 0.00 0.00 1.00 0.99   0.99

 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 19. Description of the sensitivity analyses for the “training data set” of unadjusted 
raw counts of APDIC identified foodborne illnesses on the date of symptom onset, if 
known, compared to unadjusted raw counts of PCHD cases, Pima County, Arizona, July 
1, 2002 — December 31, 2004 
 

Alarm Gold TP TN FN FP Sens Spec ACC  PPV NPV
1 1 163 316 281 155 0.37 0.67 0.52 0.51 0.53
1 2 52 492 105 266 0.33 0.65 0.59 0.16 0.82
1 3 20 574 23 298 0.47 0.66 0.65 0.06 0.96
1 4 6 591 6 312 0.50 0.65 0.65 0.02 0.99
1 5 0 595 2 318 0.00 0.65 0.65 0.00 1.00
2 1 52 417 392 54 0.12 0.89 0.51 0.49 0.52
2 2 23 675 134 83 0.15 0.89 0.76 0.22 0.83
2 3 7 773 36 99 0.16 0.89 0.85 0.07 0.96
2 4 2 799 10 104 0.17 0.88 0.88 0.02 0.99
2 5 0 807 2 106 0.00 0.88 0.88 0.00 1.00
3 1 16 447 428 24 0.04 0.95 0.51 0.40 0.51
3 2 6 724 151 34 0.04 0.96 0.80 0.15 0.83
3 3 2 834 41 38 0.05 0.96 0.91 0.05 0.95
3 4 0 863 12 40 0.00 0.96 0.94 0.00 0.99
3 5 0 873 2 40 0.00 0.96 0.95 0.00 1.00
4 1 5 461 439 10 0.01 0.98 0.51 0.33 0.51
4 2 3 746 154 12 0.02 0.98 0.82 0.20 0.83
4 3 1 858 42 14 0.02 0.98 0.94 0.07 0.95
4 4 0 888 12 15 0.00 0.98 0.97 0.00 0.99
4 5 0 898 2 15 0.00 0.98 0.98 0.00 1.00
5 1 1 464 443 7 0.00 0.99 0.51 0.13 0.51
5 2 0 750 157 8 0.00 0.99 0.82 0.00 0.83
5 3 0 864 43 8 0.00 0.99 0.94 0.00 0.95
5 4 0 895 12 8 0.00 0.99 0.98 0.00 0.99
5 5 0 905 2 8 0.00 0.99 0.99 0.00 1.00
6 1 0 467 444 4 0.00 0.99 0.51 0.00 0.51
6 2 0 754 157 4 0.00 0.99 0.82 0.00 0.83
6 3 0 868 43 4 0.00 1.00 0.95 0.00 0.95
6 4 0 899 12 4 0.00 1.00 0.98 0.00 0.99
6 5 0 909 2 4 0.00 1.00 0.99 0.00 1.00
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Alarm Gold TP TN FN FP Sens Spec ACC  PPV NPV
7 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
7 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
7 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
7 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
7 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00
8 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
8 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
8 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
8 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
8 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00
9 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
9 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
9 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
9 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
9 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00

10 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
10 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
10 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
10 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
10 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00

 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Figure 16. Description of the “training data set” of unadjusted raw counts of APDIC 
identified foodborne illnesses on the date of symptom onset, if known, compared to 
unadjusted raw counts of PCHD cases, Pima County, Arizona, July 1, 2002 — December 
31, 2004 
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Figure 17. Description of scatter plots of the “training data set” of unadjusted raw counts 
of APDIC identified foodborne illnesses on the date on the date of symptom onset, if 
known, compared to unadjusted raw counts of PCHD cases, Pima County, Arizona, July 
1, 2002—December 31, 2004 
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Table 20. Description of the sensitivity analyses for the “test data set” of unadjusted raw 
counts of APDIC identified foodborne illnesses on the date of symptom onset if known, 
compared to unadjusted raw counts of PCHD cases, Pima County, Arizona, January 1, 
2005—June 30, 2007 
 
Alarm Gold TP TN FN FP Sens Spec Acc PPV NPV

1 1 135 286 349 141 0.28 0.67 0.46 0.49 0.45
1 2 56 486 149 220 0.27 0.69 0.59 0.20 0.77
1 3 26 578 57 250 0.31 0.70 0.66 0.09 0.91
1 4 8 618 17 268 0.32 0.70 0.69 0.03 0.97
1 5 1 629 6 275 0.14 0.70 0.69 0.00 0.99
2 1 37 388 447 39 0.08 0.91 0.47 0.49 0.46
2 2 18 648 187 58 0.09 0.92 0.73 0.24 0.78
2 3 7 759 76 69 0.08 0.92 0.84 0.09 0.91
2 4 2 812 23 74 0.08 0.92 0.89 0.03 0.97
2 5 0 828 7 76 0.00 0.92 0.91 0.00 0.99
3 1 9 422 475 5 0.02 0.99 0.47 0.64 0.47
3 2 4 696 201 10 0.02 0.99 0.77 0.29 0.78
3 3 3 817 80 11 0.04 0.99 0.90 0.21 0.91
3 4 1 873 24 13 0.04 0.99 0.96 0.07 0.97
3 5 0 890 7 14 0.00 0.98 0.98 0.00 0.99
4 1 3 426 481 1 0.01 1.00 0.47 0.75 0.47
4 2 1 703 204 3 0.00 1.00 0.77 0.25 0.78
4 3 1 825 82 3 0.01 1.00 0.91 0.25 0.91
4 4 1 883 24 3 0.04 1.00 0.97 0.25 0.97
4 5 0 900 7 4 0.00 1.00 0.99 0.00 0.99
5 1 3 426 481 1 0.01 1.00 0.47 0.75 0.47
5 2 1 703 204 3 0.00 1.00 0.77 0.25 0.78
5 3 1 825 82 3 0.01 1.00 0.91 0.25 0.91
5 4 1 883 24 3 0.04 1.00 0.97 0.25 0.97
5 5 0 900 7 4 0.00 1.00 0.99 0.00 0.99
6 1 1 426 483 1 0.00 1.00 0.47 0.50 0.47
6 2 0 704 205 2 0.00 1.00 0.77 0.00 0.77
6 3 0 826 83 2 0.00 1.00 0.91 0.00 0.91
6 4 0 884 25 2 0.00 1.00 0.97 0.00 0.97
6 5 0 902 7 2 0.00 1.00 0.99 0.00 0.99
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Alarm Gold TP TN FN FP Sens Spec Acc PPV NPV
7 1 0 427 484 0 0.00 1.00 0.47  0.47
7 2 0 706 205 0 0.00 1.00 0.77  0.77
7 3 0 828 83 0 0.00 1.00 0.91  0.91
7 4 0 886 25 0 0.00 1.00 0.97  0.97
7 5 0 904 7 0 0.00 1.00 0.99  0.99
8 1 0 427 484 0 0.00 1.00 0.47  0.47
8 2 0 706 205 0 0.00 1.00 0.77  0.77
8 3 0 828 83 0 0.00 1.00 0.91  0.91
8 4 0 886 25 0 0.00 1.00 0.97  0.97
8 5 0 904 7 0 0.00 1.00 0.99  0.99
9 1 0 427 484 0 0.00 1.00 0.47  0.47
9 2 0 706 205 0 0.00 1.00 0.77  0.77
9 3 0 828 83 0 0.00 1.00 0.91  0.91
9 4 0 886 25 0 0.00 1.00 0.97  0.97
9 5 0 904 7 0 0.00 1.00 0.99  0.99

10 1 0 427 484 0 0.00 1.00 0.47  0.47
10 2 0 706 205 0 0.00 1.00 0.77  0.77
10 3 0 828 83 0 0.00 1.00 0.91  0.91
10 4 0 886 25 0 0.00 1.00 0.97  0.97
10 5 0 904 7 0 0.00 1.00 0.99  0.99

 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 21. Description of the sensitivity analyses for the “training data set” of unadjusted 
raw counts of PI identified foodborne illnesses on the date the call was received by 
APDIC, compared to unadjusted raw counts of PCHD cases, Pima County, Arizona , July 
1, 2002 — January 31, 2004 
 

Alarm Gold TP TN FN FP Sens Spec ACC PPV NPV
1 1 168 285 276 186 0.38 0.61 0.50 0.47 0.51
1 2 60 464 97 294 0.38 0.61 0.57 0.17 0.83
1 3 23 541 20 331 0.53 0.62 0.62 0.06 0.96
1 4 8 557 4 346 0.67 0.62 0.62 0.02 0.99
1 5 0 559 2 354 0.00 0.61 0.61 0.00 1.00
2 1 65 388 379 83 0.15 0.82 0.50 0.44 0.51
2 2 28 638 129 120 0.18 0.84 0.73 0.19 0.83
2 3 15 739 28 133 0.35 0.85 0.82 0.10 0.96
2 4 5 760 7 143 0.42 0.84 0.84 0.03 0.99
2 5 0 765 2 148 0.00 0.84 0.84 0.00 1.00
3 1 24 445 420 26 0.05 0.94 0.51 0.48 0.51
3 2 9 717 148 41 0.06 0.95 0.79 0.18 0.83
3 3 2 824 41 48 0.05 0.94 0.90 0.04 0.95
3 4 0 853 12 50 0.00 0.94 0.93 0.00 0.99
3 5 0 863 2 50 0.00 0.95 0.94 0.00 1.00
4 1 8 459 436 12 0.02 0.97 0.51 0.40 0.51
4 2 3 741 154 17 0.02 0.98 0.81 0.15 0.83
4 3 2 854 41 18 0.05 0.98 0.94 0.10 0.95
4 4 0 883 12 20 0.00 0.98 0.97 0.00 0.99
4 5 0 893 2 20 0.00 0.98 0.98 0.00 1.00
5 1 3 463 441 8 0.01 0.98 0.51 0.27 0.51
5 2 1 748 156 10 0.01 0.99 0.82 0.09 0.83
5 3 1 862 42 10 0.02 0.99 0.94 0.09 0.95
5 4 0 892 12 11 0.00 0.99 0.97 0.00 0.99
5 5 0 902 2 11 0.00 0.99 0.99 0.00 1.00
6 1 3 466 441 5 0.01 0.99 0.51 0.38 0.51
6 2 1 751 156 7 0.01 0.99 0.82 0.13 0.83
6 3 1 865 42 7 0.02 0.99 0.95 0.13 0.95
6 4 0 895 12 8 0.00 0.99 0.98 0.00 0.99
6 5 0 905 2 8 0.00 0.99 0.99 0.00 1.00
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Alarm Gold TP TN FN FP Sens Spec ACC PPV NPV
7 1 2 467 442 4 0.00 0.99 0.51 0.33 0.51
7 2 0 752 157 6 0.00 0.99 0.82 0.00 0.83
7 3 0 866 43 6 0.00 0.99 0.95 0.00 0.95
7 4 0 897 12 6 0.00 0.99 0.98 0.00 0.99
7 5 0 907 2 6 0.00 0.99 0.99 0.00 1.00
8 1 1 468 443 3 0.00 0.99 0.51 0.25 0.51
8 2 0 754 157 4 0.00 0.99 0.82 0.00 0.83
8 3 0 868 43 4 0.00 1.00 0.95 0.00 0.95
8 4 0 899 12 4 0.00 1.00 0.98 0.00 0.99
8 5 0 909 2 4 0.00 1.00 0.99 0.00 1.00
9 1 0 469 444 2 0.00 1.00 0.51 0.00 0.51
9 2 0 756 157 2 0.00 1.00 0.83 0.00 0.83
9 3 0 870 43 2 0.00 1.00 0.95 0.00 0.95
9 4 0 901 12 2 0.00 1.00 0.98 0.00 0.99
9 5 0 911 2 2 0.00 1.00 1.00 0.00 1.00

10 1 0 469 444 2 0.00 1.00 0.51 0.00 0.51
10 2 0 756 157 2 0.00 1.00 0.83 0.00 0.83
10 3 0 870 43 2 0.00 1.00 0.95 0.00 0.95
10 4 0 901 12 2 0.00 1.00 0.98 0.00 0.99
10 5 0 911 2 2 0.00 1.00 1.00 0.00 1.00
11 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
11 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
11 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
11 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
11 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00
12 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
12 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
12 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
12 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
12 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00
13 1 0 470 444 1 0.00 1.00 0.51 0.00 0.51
13 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
13 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
13 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
13 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00

Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Figure 18. Description of the “training data set” of unadjusted raw counts of PI identified 
foodborne illnesses on the date the call was received by APDIC, compared to unadjusted 
raw counts of PCHD cases, Pima County, Arizona, July 1, 2002—December 31, 2004  
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Figure 19. Description of scatter plots of the “training data set” of unadjusted raw counts 
of PI identified foodborne illnesses on the date the call was received by APDIC, 
compared to unadjusted raw counts of PCHD cases, Pima County, Arizona, July 1, 
2002—December 31, 2004 
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Table 22. Description of the sensitivity analyses for the “test data set” of unadjusted raw 
counts of PI identified foodborne illnesses on the date the call was received by APDIC, 
compared to unadjusted raw counts of PCHD cases, Pima County, Arizona, July 1, 2002 
— January 31, 2004 
 
 
Alarm Gold TP TN FN FP Sens Spec Acc PPV NPV

1 1 164 263 320 164 0.34 0.62 0.47 0.50 0.45
1 2 70 448 135 258 0.34 0.63 0.57 0.21 0.77
1 3 29 529 54 299 0.35 0.64 0.61 0.09 0.91
1 4 8 566 17 320 0.32 0.64 0.63 0.02 0.97
1 5 1 577 6 327 0.14 0.64 0.63 0.00 0.99
2 1 54 373 430 54 0.11 0.87 0.47 0.50 0.46
2 2 25 623 180 83 0.12 0.88 0.71 0.23 0.78
2 3 8 728 75 100 0.10 0.88 0.81 0.07 0.91
2 4 4 782 21 104 0.16 0.88 0.86 0.04 0.97
2 5 1 797 6 107 0.14 0.88 0.88 0.01 0.99
3 1 18 410 466 17 0.04 0.96 0.47 0.51 0.47
3 2 9 680 196 26 0.04 0.96 0.76 0.26 0.78
3 3 3 796 80 32 0.04 0.96 0.88 0.09 0.91
3 4 1 852 24 34 0.04 0.96 0.94 0.03 0.97
3 5 0 869 7 35 0.00 0.96 0.95 0.00 0.99
4 1 3 420 481 7 0.01 0.98 0.46 0.30 0.47
4 2 1 697 204 9 0.00 0.99 0.77 0.10 0.77
4 3 1 819 82 9 0.01 0.99 0.90 0.10 0.91
4 4 1 877 24 9 0.04 0.99 0.96 0.10 0.97
4 5 0 894 7 10 0.00 0.99 0.98 0.00 0.99
5 1 1 425 483 2 0.00 1.00 0.47 0.33 0.47
5 2 1 704 204 2 0.00 1.00 0.77 0.33 0.78
5 3 1 826 82 2 0.01 1.00 0.91 0.33 0.91
5 4 1 884 24 2 0.04 1.00 0.97 0.33 0.97
5 5 0 901 7 3 0.00 1.00 0.99 0.00 0.99
6 1 0 425 484 2 0.00 1.00 0.47 0.00 0.47
6 2 0 704 205 2 0.00 1.00 0.77 0.00 0.77
6 3 0 826 83 2 0.00 1.00 0.91 0.00 0.91
6 4 0 884 25 2 0.00 1.00 0.97 0.00 0.97
6 5 0 902 7 2 0.00 1.00 0.99 0.00 0.99
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Alarm Gold TP TN FN FP Sens Spec Acc PPV NPV
7 1 0 427 484 0 0.00 1.00 0.47  0.47
7 2 0 706 205 0 0.00 1.00 0.77  0.77
7 3 0 828 83 0 0.00 1.00 0.91  0.91
7 4 0 886 25 0 0.00 1.00 0.97  0.97
7 5 0 904 7 0 0.00 1.00 0.99  0.99
8 1 0 427 484 0 0.00 1.00 0.47  0.47
8 2 0 706 205 0 0.00 1.00 0.77  0.77
8 3 0 828 83 0 0.00 1.00 0.91  0.91
8 4 0 886 25 0 0.00 1.00 0.97  0.97
8 5 0 904 7 0 0.00 1.00 0.99  0.99
9 1 0 427 484 0 0.00 1.00 0.47  0.47
9 2 0 706 205 0 0.00 1.00 0.77  0.77
9 3 0 828 83 0 0.00 1.00 0.91  0.91
9 4 0 886 25 0 0.00 1.00 0.97  0.97
9 5 0 904 7 0 0.00 1.00 0.99  0.99

10 1 0 427 484 0 0.00 1.00 0.47  0.47
10 2 0 706 205 0 0.00 1.00 0.77  0.77
10 3 0 828 83 0 0.00 1.00 0.91  0.91
10 4 0 886 25 0 0.00 1.00 0.97  0.97
10 5 0 904 7 0 0.00 1.00 0.99  0.99
11 1 0 427 484 0 0.00 1.00 0.47  0.47
11 2 0 706 205 0 0.00 1.00 0.77  0.77
11 3 0 828 83 0 0.00 1.00 0.91  0.91
11 4 0 886 25 0 0.00 1.00 0.97  0.97
11 5 0 904 7 0 0.00 1.00 0.99  0.99
12 1 0 427 484 0 0.00 1.00 0.47  0.47
12 2 0 706 205 0 0.00 1.00 0.77  0.77
12 3 0 828 83 0 0.00 1.00 0.91  0.91
12 4 0 886 25 0 0.00 1.00 0.97  0.97
12 5 0 904 7 0 0.00 1.00 0.99  0.99
13 1 0 427 484 0 0.00 1.00 0.47  0.47
13 2 0 706 205 0 0.00 1.00 0.77  0.77
13 3 0 828 83 0 0.00 1.00 0.91  0.91
13 4 0 886 25 0 0.00 1.00 0.97  0.97
13 5 0 904 7 0 0.00 1.00 0.99   0.99

Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 23. Description of the sensitivity analyses for the “training data set” of unadjusted 
raw counts of PI identified foodborne illnesses on the date of symptom onset, if known, 
compared to unadjusted raw counts of PCHD cases, Pima County, Arizona, July 1, 
2002—December 31, 2004 
 

Alarm Gold TP TN FN FP Sens Spec ACC PPV NPV
1 1 183 288 261 183 0.41 0.61 0.51 0.50 0.52
1 2 59 451 98 307 0.38 0.59 0.56 0.16 0.82
1 3 22 528 21 344 0.51 0.61 0.60 0.06 0.96
1 4 6 543 6 360 0.50 0.60 0.60 0.02 0.99
1 5 0 547 2 366 0.00 0.60 0.60 0.00 1.00
2 1 67 394 377 77 0.15 0.84 0.50 0.47 0.51
2 2 30 644 127 114 0.19 0.85 0.74 0.21 0.84
2 3 11 739 32 133 0.26 0.85 0.82 0.08 0.96
2 4 3 762 9 141 0.25 0.84 0.84 0.02 0.99
2 5 0 769 2 144 0.00 0.84 0.84 0.00 1.00
3 1 24 447 420 24 0.05 0.95 0.51 0.50 0.52
3 2 8 718 149 40 0.05 0.95 0.79 0.17 0.83
3 3 2 826 41 46 0.05 0.95 0.90 0.04 0.95
3 4 0 855 12 48 0.00 0.95 0.93 0.00 0.99
3 5 0 865 2 48 0.00 0.95 0.95 0.00 1.00
4 1 7 458 437 13 0.02 0.97 0.51 0.35 0.51
4 2 2 740 155 18 0.01 0.98 0.81 0.10 0.83
4 3 0 852 43 20 0.00 0.98 0.93 0.00 0.95
4 4 0 883 12 20 0.00 0.98 0.97 0.00 0.99
4 5 0 893 2 20 0.00 0.98 0.98 0.00 1.00
5 1 3 465 441 6 0.01 0.99 0.51 0.33 0.51
5 2 0 749 157 9 0.00 0.99 0.82 0.00 0.83
5 3 0 863 43 9 0.00 0.99 0.94 0.00 0.95
5 4 0 894 12 9 0.00 0.99 0.98 0.00 0.99
5 5 0 904 2 9 0.00 0.99 0.99 0.00 1.00
6 1 2 467 442 4 0.00 0.99 0.51 0.33 0.51
6 2 0 752 157 6 0.00 0.99 0.82 0.00 0.83
6 3 0 866 43 6 0.00 0.99 0.95 0.00 0.95
6 4 0 897 12 6 0.00 0.99 0.98 0.00 0.99
6 5 0 907 2 6 0.00 0.99 0.99 0.00 1.00
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Alarm Gold TP TN FN FP Sens Spec ACC PPV NPV
7 1 2 469 442 2 0.00 1.00 0.51 0.50 0.51
7 2 0 754 157 4 0.00 0.99 0.82 0.00 0.83
7 3 0 868 43 4 0.00 1.00 0.95 0.00 0.95
7 4 0 899 12 4 0.00 1.00 0.98 0.00 0.99
7 5 0 909 2 4 0.00 1.00 0.99 0.00 1.00
8 1 2 469 442 2 0.00 1.00 0.51 0.50 0.51
8 2 0 754 157 4 0.00 0.99 0.82 0.00 0.83
8 3 0 868 43 4 0.00 1.00 0.95 0.00 0.95
8 4 0 899 12 4 0.00 1.00 0.98 0.00 0.99
8 5 0 909 2 4 0.00 1.00 0.99 0.00 1.00
9 1 1 470 443 1 0.00 1.00 0.51 0.50 0.51
9 2 0 756 157 2 0.00 1.00 0.83 0.00 0.83
9 3 0 870 43 2 0.00 1.00 0.95 0.00 0.95
9 4 0 901 12 2 0.00 1.00 0.98 0.00 0.99
9 5 0 911 2 2 0.00 1.00 1.00 0.00 1.00

10 1 1 470 443 1 0.00 1.00 0.51 0.50 0.51
10 2 0 756 157 2 0.00 1.00 0.83 0.00 0.83
10 3 0 870 43 2 0.00 1.00 0.95 0.00 0.95
10 4 0 901 12 2 0.00 1.00 0.98 0.00 0.99
10 5 0 911 2 2 0.00 1.00 1.00 0.00 1.00
11 1 1 471 443 0 0.00 1.00 0.52 1.00 0.52
11 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
11 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
11 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
11 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00
12 1 1 471 443 0 0.00 1.00 0.52 1.00 0.52
12 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
12 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
12 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
12 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00
13 1 1 471 443 0 0.00 1.00 0.52 1.00 0.52
13 2 0 757 157 1 0.00 1.00 0.83 0.00 0.83
13 3 0 871 43 1 0.00 1.00 0.95 0.00 0.95
13 4 0 902 12 1 0.00 1.00 0.99 0.00 0.99
13 5 0 912 2 1 0.00 1.00 1.00 0.00 1.00

Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Figure 20. Description of the “training data set” of unadjusted raw counts of PI identified 
foodborne illnesses on the date of symptom onset, if known, compared to unadjusted raw 
counts of PCHD cases, Pima County, Arizona, July 1, 2002 — December 31, 2004 
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Figure 21. Description of scatter plots of the “training data set” of unadjusted raw counts 
of PI identified foodborne illnesses on the date of symptom onset, if known, compared to 
unadjusted raw counts of PCHD cases, Pima County, Arizona, July 1, 2002 — December 
31, 2004 
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Table 24. Description of the sensitivity analyses for the “test data set” of unadjusted raw 
counts of PI identified foodborne illnesses on the date of symptom onset if known, 
compared to unadjusted raw counts of PCHD cases, Pima County, Arizona, July 1, 2002 
— December 31, 2004 
 
Alarm Gold TP TN FN FP Sens Spec Acc PPV NPV

1 1 165 259 319 168 0.34 0.61 0.47 0.50 0.45
1 2 73 446 132 260 0.36 0.63 0.57 0.22 0.77
1 3 31 526 52 302 0.37 0.64 0.61 0.09 0.91
1 4 9 562 16 324 0.36 0.63 0.63 0.03 0.97
1 5 2 573 5 331 0.29 0.63 0.63 0.01 0.99
2 1 50 373 434 54 0.10 0.87 0.46 0.48 0.46
2 2 25 627 180 79 0.12 0.89 0.72 0.24 0.78
2 3 11 735 72 93 0.13 0.89 0.82 0.11 0.91
2 4 2 784 23 102 0.08 0.88 0.86 0.02 0.97
2 5 0 800 7 104 0.00 0.88 0.88 0.00 0.99
3 1 13 410 471 17 0.03 0.96 0.46 0.43 0.47
3 2 6 682 199 24 0.03 0.97 0.76 0.20 0.77
3 3 4 802 79 26 0.05 0.97 0.88 0.13 0.91
3 4 1 857 24 29 0.04 0.97 0.94 0.03 0.97
3 5 0 874 7 30 0.00 0.97 0.96 0.00 0.99
4 1 6 422 478 5 0.01 0.99 0.47 0.55 0.47
4 2 3 698 202 8 0.01 0.99 0.77 0.27 0.78
4 3 3 820 80 8 0.04 0.99 0.90 0.27 0.91
4 4 1 876 24 10 0.04 0.99 0.96 0.09 0.97
4 5 0 893 7 11 0.00 0.99 0.98 0.00 0.99
5 1 4 425 480 2 0.01 1.00 0.47 0.67 0.47
5 2 1 701 204 5 0.00 0.99 0.77 0.17 0.77
5 3 1 823 82 5 0.01 0.99 0.90 0.17 0.91
5 4 1 881 24 5 0.04 0.99 0.97 0.17 0.97
5 5 0 898 7 6 0.00 0.99 0.99 0.00 0.99
6 1 1 426 483 1 0.00 1.00 0.47 0.50 0.47
6 2 0 704 205 2 0.00 1.00 0.77 0.00 0.77
6 3 0 826 83 2 0.00 1.00 0.91 0.00 0.91
6 4 0 884 25 2 0.00 1.00 0.97 0.00 0.97
6 5 0 902 7 2 0.00 1.00 0.99 0.00 0.99

 

 



 
 
 

 133 

Alarm Gold TP TN FN FP Sens Spec Acc PPV NPV
7 1 0 427 484 0 0.00 1.00 0.47  0.47
7 2 0 706 205 0 0.00 1.00 0.77  0.77
7 3 0 828 83 0 0.00 1.00 0.91  0.91
7 4 0 886 25 0 0.00 1.00 0.97  0.97
7 5 0 904 7 0 0.00 1.00 0.99  0.99
8 1 0 427 484 0 0.00 1.00 0.47  0.47
8 2 0 706 205 0 0.00 1.00 0.77  0.77
8 3 0 828 83 0 0.00 1.00 0.91  0.91
8 4 0 886 25 0 0.00 1.00 0.97  0.97
8 5 0 904 7 0 0.00 1.00 0.99  0.99
9 1 0 427 484 0 0.00 1.00 0.47  0.47
9 2 0 706 205 0 0.00 1.00 0.77  0.77
9 3 0 828 83 0 0.00 1.00 0.91  0.91
9 4 0 886 25 0 0.00 1.00 0.97  0.97
9 5 0 904 7 0 0.00 1.00 0.99  0.99

10 1 0 427 484 0 0.00 1.00 0.47  0.47
10 2 0 706 205 0 0.00 1.00 0.77  0.77
10 3 0 828 83 0 0.00 1.00 0.91  0.91
10 4 0 886 25 0 0.00 1.00 0.97  0.97
10 5 0 904 7 0 0.00 1.00 0.99  0.99
11 1 0 427 484 0 0.00 1.00 0.47  0.47
11 2 0 706 205 0 0.00 1.00 0.77  0.77
11 3 0 828 83 0 0.00 1.00 0.91  0.91
11 4 0 886 25 0 0.00 1.00 0.97  0.97
11 5 0 904 7 0 0.00 1.00 0.99  0.99
12 1 0 427 484 0 0.00 1.00 0.47  0.47
12 2 0 706 205 0 0.00 1.00 0.77  0.77
12 3 0 828 83 0 0.00 1.00 0.91  0.91
12 4 0 886 25 0 0.00 1.00 0.97  0.97
12 5 0 904 7 0 0.00 1.00 0.99  0.99
13 1 0 427 484 0 0.00 1.00 0.47  0.47
13 2 0 706 205 0 0.00 1.00 0.77  0.77
13 3 0 828 83 0 0.00 1.00 0.91  0.91
13 4 0 886 25 0 0.00 1.00 0.97  0.97
13 5 0 904 7 0 0.00 1.00 0.99  0.99

Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 25. Summary tables for unadjusted and adjusted outcomes using raw counts 
(models 1-2); range of alarms and thresholds for the training data set (July 1, 2002 – 
December 31, 2004), and the test data set (January 1, 2005 – June 30, 2007), Pima 
County, Arizona 

 

Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 26. Summary tables for unadjusted and adjusted outcomes using raw counts 
(models 3-4); range of alarms and thresholds for the training data set (July 1, 2002 – 
December 31, 2004), and the test data set (January 1, 2005 – June 30, 2007), Pima 
County, Arizona 
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Figure 22. Description of scatter plots of one-day, two-day, five-day, and seven-day lags 
between APDIC callers and PCHD cases, unadjusted raw counts of APDIC identified 
foodborne illnesses on the date the call was received by APDIC, Pima County, Arizona, 
July 1, 2002 — June 30, 2007 
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Figure 23. Description of scatter plots of one-day, two-day, five-day, and seven-day leads 
between APDIC callers and PCHD cases, unadjusted raw counts of APDIC identified 
foodborne illnesses on the date the call was received by APDIC, Pima County, Arizona, 
July 1, 2002 — June 30, 2007 
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Figure 24. Description of scatter plots of one day, two-day, five-day, and seven-day lags 
between APDIC callers and PCHD cases, unadjusted raw counts of APDIC identified 
foodborne illnesses on the date of symptom onset, if known, Pima County, Arizona, July 
1, 2002 — June 30, 2007  
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Figure 25. Description of scatter plots of one-day, two-day, five-day, and seven-day leads 
between APDIC callers and PCHD cases, unadjusted raw counts of APDIC identified 
foodborne illnesses on the date of symptom onset, Pima County, Arizona, July 1, 2002 — 
June 30, 2007 
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Figure 26. Description of scatter plots of one-day, two-day, five-day, and seven-day lags 
between APDIC callers and PCHD cases, unadjusted raw counts of PI identified 
foodborne illnesses on the date the call was received by APDIC, Pima County, Arizona, 
July 1, 2002 — June 30, 2007  
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Figure 27. Description of scatter plots of one-day, two-day, five-day, and seven-day leads 
between APDIC callers and PCHD cases, unadjusted raw counts of PI identified 
foodborne illnesses on the call was received by APDIC, Pima County, Arizona, July 1, 
2002 — June 30, 2007   
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Figure 28. Description of scatter plots of one-day, two-day, five-day, and seven-day lags 
between APDIC callers and PCHD cases, unadjusted raw counts of PI identified 
foodborne illnesses on the date of symptom onset, if known, Pima County, Arizona, July 
1, 2002 — June 30, 2007 
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Figure 29. Description of scatter plots of one-day, two-day, five-day, and seven-day leads 
between APDIC callers and PCHD cases, unadjusted raw counts of PI identified 
foodborne illnesses on the date of symptom onset, if known, Pima County, Arizona, July 
1, 2002 — June 30, 2007   
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Figure 30. Description of scatter plots of one-day, two-day, five-day, and seven-day lags 
between APDIC callers and PCHD cases, adjusted raw counts of APDIC identified 
foodborne illnesses on the date the call was received by APDIC, Pima County, Arizona, 
July 1, 2002 — June 30, 2007    
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Figure 31. Description of scatter plots of one-day, two-day, five-day, and seven-day leads 
between APDIC callers and PCHD cases, adjusted raw counts of APDIC identified 
foodborne illnesses on the date the call was received by APDIC, Pima County, Arizona, 
July 1, 2002 — June 30, 2007 
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Figure 32. Description of scatter plots of one-day, two-day, five-day, and seven-day lags 
between APDIC callers and PCHD cases, adjusted raw counts of APDIC identified 
foodborne illnesses on the date of symptom onset, if known, Pima County, Arizona,  July 
1, 2002 — June 30, 2007 
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Figure 33. Description of scatter plots of one-day, two-day, five-day, and seven-day leads 
between APDIC callers and PCHD cases, adjusted raw counts of APDIC identified 
foodborne illnesses on the date of symptom onset, if known, Pima County, Arizona, July 
1, 2002 — June 30, 2007 
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Figure 34. Description of scatter plots of one-day, two-day, five-day, and seven-day lags 
between APDIC callers and PCHD cases, adjusted raw counts of PI identified foodborne 
illnesses on the date the call was received by APDIC, Pima County, Arizona, July 1, 
2002 — June 30, 2007 
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Figure 35. Description of scatter plots of one-day, two-day, five-day, and seven-day leads 
between APDIC callers and PCHD cases, adjusted raw counts of PI identified foodborne 
illnesses on the date the call was received by APDIC, Pima County, Arizona, July 1, 
2002 — June 30, 2007 
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Figure 36. Description of scatter plots of one-day, two-day, five-day, and seven-day lags 
between APDIC callers and PCHD cases, adjusted raw counts of PI identified foodborne 
illnesses on the date of symptom onset, if known, Pima County, Arizona, July 1, 2002 — 
June 30, 2007 
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Figure 37. Description of scatter plots of one-day, two-day, five-day, and seven-day leads 
between APDIC callers and PCHD cases, adjusted raw counts of PI identified foodborne 
illnesses on the date the date of symptom onset if known, Pima County, Arizona, July 1, 
2002 — June 30, 2007 
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Figure 38. Description of scatter plots of one-day, two-day, five-day, and 15-day lags 
between APDIC callers and PCHD cases, unadjusted seven-day moving averages of 
APDIC identified foodborne illnesses on the date the call was received by APDIC, Pima 
County, Arizona, July 1, 2002 — June 30, 2007 
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Figure 39. Description of scatter plots of one-day, two-day, five-day, and 15-day leads 
between APDIC callers and PCHD cases, unadjusted seven-day moving averages of 
APDIC identified foodborne illnesses on the date the call was received by APDIC, Pima 
County, Arizona, July 1, 2002 — June 30, 2007 
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Figure 40. Description of scatter plots of one-day, two-day, five-day, and 15-day lags 
between APDIC callers and PCHD cases, adjusted seven-day moving averages of APDIC 
identified foodborne illnesses on the date the call was received by APDIC, Pima County, 
Arizona, July 1, 2002 — June 30, 2007 
 
Adjusted calls and cases without lags 

.5
1

1.
5

2
2.

5
3

re
si

dc
al

l5
6s

ta
rt_

7d
ay

m
a

0 1 2 3
residcase_7dayma  

 
Adjusted calls and cases with a one-day lag 

.5
1

1.
5

2
2.

5
3

la
gc

al
l1

_7
da

ym
a

0 1 2 3
residcase_7dayma  

 
Adjusted calls and cases with a two-day lag 

1
2

3
4

5
6

la
gc

al
l2

_7
da

ym
a

0 1 2 3
residcase_7dayma  

 
Adjusted calls and cases with a five-day lag 

2
4

6
8

10
12

la
gc

al
l5

_7
da

ym
a

0 1 2 3
residcase_7dayma  

 
Adjusted calls and cases with a fifteen-day lag 

10
15

20
25

30
35

la
gc

al
l1

5_
7d

ay
m

a

0 1 2 3
residcase_7dayma  



 
 
 

 155 

Figure 41. Description of scatter plots of one-day, two-day, five-day, and 15-day leads 
between APDIC callers and PCHD cases, adjusted seven-day moving averages of APDIC 
identified foodborne illnesses on the date the call was received by APDIC, Pima County, 
Arizona, July 1, 2002 — June 30, 2007 
 
Adjusted calls and cases without leads 

.5
1

1.
5

2
2.

5
3

re
si

dc
al

l5
6s

ta
rt_

7d
ay

m
a

0 1 2 3
residcase_7dayma  

 
Adjusted calls and cases with a one-day lead 

.5
1

1.
5

2
2.

5
3

le
ad

ca
ll1

_7
da

ym
a

0 1 2 3
residcase_7dayma  

 
Adjusted calls and cases with a two-day lead 

1
2

3
4

5
6

le
ad

ca
ll2

_7
da

ym
a

0 1 2 3
residcase_7dayma  

 
Adjusted calls and cases with a five-day lead 

2
4

6
8

10
12

le
ad

ca
ll5

_7
da

ym
a

0 1 2 3
residcase_7dayma  

 
Adjusted calls and cases with a fifteen-day lead 

10
20

30
40

le
ad

ca
ll1

5_
7d

ay
m

a

0 1 2 3
residcase_7dayma  



 
 
 

 156 

7. Hypothesis 1a – APDIC and PCHD databases will have similar quality of data as 
measured by rates of missing data for variables required to develop algorithms for early 
detection of disease outbreaks 
 
 Rates of missing data were compared between the APDIC database and the 

combined PCHD database with respect to four key variables used in foodborne illness 

syndromic surveillance, date of symptom onset, age, gender, and ZIP code.  Two-sample 

test of proportions were conducted to determine if the rates of missing data between the 

two databases were statistically significant.  The rate of missing symptom onset dates was 

higher in the PCHD database compared to the APDIC database (40% compared to 28% 

in the APDIC database), and was highly statistically significant (p < 0.0001).  However, 

the APDIC database does not have a symptom onset date variable and therefore the date 

is not systematically assessed by APDIC for each foodborne illness call; symptom onset 

dates were extracted from the description of the caller’s illness in the narrative note 

section of the APDIC call record.  

 Likewise, the rates of missing ages were not similar for both databases.  The ages 

of 442 (18%) PCHD cases were unknown compared to 20 (2%) unknown ages of APDIC 

callers, and was highly statistically significant (p < 0.0001).  However, because the 

APDIC database also captures age as a categorical variable, e.g., teens, 20s, 60s, adult ≥ 

20 years of age, the exact age of an additional 496 (45%) callers was unknown because of 

overlapping age categories.  When including overlapping age categories, the rate of 

missing ages was higher in the APDIC database compared to the PCHD database (47% 

compared to 18%), and was highly statistically significant (p< 0.001). 
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 The rates of missing gender for both APDIC callers and PCHD cases were 

similar.  The gender of 34 (3%) APDIC callers was unknown, compared to 48 (3%) 

unknown genders of PCHD cases.  Both APDIC and PCHD routinely collect the gender 

of the patients in their database.   

 The rates of missing ZIP codes were not similar between the two databases.  The 

ZIP codes of 285 (12%) PCHD cases were unknown, compared to 18 (1.6%) unknown 

ZIP codes of APDIC callers, and was highly statistically significant (p < 0.0001).  Both 

the APDIC and PCHD routinely collect the ZIP code of the patients in their database. 

 APDIC and PCHD databases did not appear similar with respect to rates of 

missing data.  Both databases were missing data among the key date variables evaluated; 

however, one database did not consistently perform better than the other, i.e., had fewer 

rates of missing data among the four key variables.  The APDIC database had lower rates 

of missing symptom onset dates, ZIP codes, and ages.  However, when the exact ages of 

APDIC callers and PCHD cases were compared, the PCHD database had a lower rate of 

missing ages.  Both databases were similar with respect to missing gender. 

 

8. Hypothesis 1b – Random imputation methods will allow for recovery of missing data 
where it occurs  
 
 Onset of symptoms was considered a critical variable for developing APDIC 

prediction models to detect increases in PCHD cases, because it most likely represented 

the date a person would have called APDIC, i.e., the earliest date of identifying potential 

foodborne illness clusters.  The overall rate of missing symptom onset dates in the PCHD 

database (“reference standard”) was 40%; however, improved overtime (50% missing in 
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year one, 51% missing in year two, 37% missing in years three and four, and 23% 

missing in year five).  Random imputation methods were used to estimate symptom onset 

dates for PCHD cases in which the symptom onset date was unknown.  The imputed time 

series structure changed for each estimate (Figures 8-13), generating alarms that varied 

considerably in number, timing, and intensity.  Imputed time series structures did not 

improve over time as the rate of missing symptom onset dates improved.  Thus, although 

it was possible to obtain a distribution of time lags between laboratory test results date 

and onset date for data set one and laboratory specimen collection date and symptom 

onset date for data set two that resembled the known distribution of such lags, the 

resulting imputed data resulted in time series that were unstable, i.e., any given random 

pick of time lags resulted in a time series that looked quite different from the time series 

generated by another random pick.  Therefore, it was concluded that it was not reasonable 

to construct and test algorithms using imputed symptom onset dates. 

 

9. Hypothesis 2a – Increases in calls to APDIC reporting suspected foodborne illnesses 
will allow prediction of cases that are captured by PCHD laboratory reports of enteric 
illnesses   
 
 Early notification of foodborne illnesses may assist public health departments in 

the identification of suspected clusters of foodborne illnesses, and could enhance 

surveillance systems for foodborne illnesses through timelier public health department 

interventions.  APDIC received notification of foodborne illnesses earlier than PCHD, 

with the majority of its calls received very early in the course of callers’ illnesses.  In 

contrast, PCHD received notification much later.  APDIC received 673 (62%) reports of 
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suspected foodborne illnesses within ≤ 24 hours of symptom onset, compared to PCHD 

which received notification of seven cases (0.3%) within ≤ 24 hours of symptom onset, 

which was statistically significant (p < 0.0001).  An additional 50 (5%) callers contacted 

APDIC more than one to two days following onset of symptoms, and an additional 62 

(6%) callers contacted APDIC more than two days following symptom onset.  The timing 

of the call in relation to the onset of symptoms was unknown for the remaining 309 

(28%) callers.  In contrast, 50% of case reports were received by PCHD within 15 days of 

symptom onset, 75% of case reports received within 23 days of symptom onset, and 98% 

of cases reports received within 96 days of symptom onset.  Date of symptom onset was 

unknown for 40% of PCHD cases (weighted average). 

 

10. Hypothesis 2b – Unadjusted exponentially weighted models will perform better than 
moving average models, which will perform better than models relying on raw counts of 
calls and cases 
 
 Unadjusted exponentially weighted moving averages, seven-day moving 

averages, and five-day moving averages outperformed unadjusted raw count models in 

the training data set.  Unadjusted exponentially weighted moving averages had higher 

sensitivities, specificities, and accuracies than unadjusted moving averages, and raw 

count models in the training data sets.  Unadjusted exponentially weighted moving 

averages for the four APDIC outcomes (“APDIC, start date”, “APDIC onset date”, “PI 

start date”, PI onset date”) all had sensitivities at 93%, specificities at 100%, and 

accuracies ranging from 99%-100% at threshold levels ranging from 0.70-0.75 APDIC 

calls to 0.65 PCHD cases (Tables 35, 36, 37, 38) compared to the seven-day model which 
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had sensitivities of 75%, specificities at 100%, and accuracies at 100% at higher 

threshold levels (Tables 27, 28, 29, 30) and the five-day models which had slightly lower 

sensitivities of 67%, specificities at 100% and accuracies at 100% (Tables 31, 32, 33, 34).  

Unadjusted raw count models performed the worst with the lowest sensitivities ranging 

from 47% to 67% and specificities ranging from 60% to 67% and accuracies ranging 

from 60% to 67% at threshold levels of one APDIC call and three to four PCHD cases 

(Tables 25 and 26). 

 The unadjusted exponentially weighted moving averages detected more true 

positive clusters than the unadjusted seven-day and five-day models in the training data 

set, with true positives ranging from 27 to 45 (Tables 35, 36, 37, 38), compared to the 

unadjusted seven-day models which detected three to four true positive clusters (Tables 

27, 28, 29, 30), and the unadjusted five-day models which detected two true positive 

clusters (Tables 31, 32, 33, 34).  While the unadjusted exponentially weighted moving 

average models detected more true positive clusters, they also detected more false 

positive clusters than the unadjusted seven-day and five-day models with 736 clusters 

false positives detected at the highest sensitivity levels and two clusters detected at the 

lowest sensitivity levels in the training data set (Tables 35, 36, 37, 38).  In contrast the 

seven-day models detected 207 false positive clusters at the highest sensitivity levels and 

two false positive clusters at the lowest sensitivity levels (Tables 27, 28, 29, 30), 

compared to the five-day models which detected 231false positive clusters at the highest 

sensitivity levels and one false positive cluster at the lowest sensitivity levels (Tables 31, 

32, 33, 34).  
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 The unadjusted seven-day models performed better than the unadjusted five-day 

models in the training data set with higher sensitivities at 75%, without lowering 

specificities at 100%, and accuracies at 100%; however, thresholds of 2.3 – 2.5 APDIC 

calls, and 2.6 PCHD cases were slightly lower than the five-day models (Tables 27, 28, 

29, 30).  In contrast, unadjusted five-day models had slightly lower sensitivities of 67%, 

without lowering specificities at 100%, and accuracies at 100% in the training data set, 

and slightly higher threshold levels of APDIC calls ranging from 2.6 to 3.0 and PCHD 

cases ranging from 2.8 to 2.9 (Tables 31, 32, 33, 34).  Both seven-day and five-day 

models using PI coding on the date the caller contacted APDIC (“PI/start date”) 

performed slightly better than the models using the other APDIC outcomes, i.e., the 

alerting thresholds were slightly higher without affecting the sensitivity, specificity, and 

accuracy.  However, the seven-day moving average (“PI/start date”) detected three true 

positive clusters (Tables 27, 28, 29, 30), while the five-day moving average (“PI/start 

date”) detected two true positive clusters (Tables 31, 32, 33, 34). 

 

11. Hypothesis 2c – Adjusted for time trends and seasonality, the exponentially weighted 
models will perform better than moving average models and models based on raw counts 
of calls and cases 
 
 While unadjusted exponentially weighted moving averages outperformed the 

seven-day, five-day, and raw count models, in the training data sets, they did not perform 

as well as the other adjusted models in the test data sets.  Taking into consideration the 

sensitivity, specificity, accuracy, number of true positive alerts generated, and threshold 

levels, all four of the adjusted seven-day models performed better than the adjusted 
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exponentially moving averages, five-day moving averages and raw count models in the 

training data sets; the best adjusted seven-day models had only sensitivities of 75%; 

however, did not sacrifice specificities, which ranged from 99% to 100%, and accuracies, 

which ranged from 99% to 100% (Tables 27, 28, 29, 30).   

 Although all four adjusted exponentially weighted models had high sensitivities 

for all four APDIC models ranging from 68% to 100%, the highest sensitivity levels had 

low specificity levels i.e., sensitivity levels of 100% had specificity levels of 0%.  

Adjusted exponentially weighted models also generated extreme variation in the numbers 

of true positive and false positive alerts, e.g., sensitivities in the 84% to 100% range 

generated 759 to 872 true positive clusters, while lower sensitivities ranging from 68% to 

75% generated only 27 to 30 true positive clusters (Tables 35, 36, 37, 38).    

 The adjusted seven-day models which generated APDIC calls ranging from 2.5 to 

2.7 and 2.7 PCHD cases performed better than the adjusted five-day models and adjusted 

raw counts in the training data sets with sensitivities of 75%, specificities of 99% to 

100% and accuracies of 99% to 100% (Tables 27, 28, 29, 30), compared to the best 

adjusted five-day models which had lower sensitivities of 67% and specificities of 100% 

and accuracies of 100% generated at slightly higher thresholds ranging from 3.0 to 3.2 

APDIC calls and 3.0 PCHD cases (Tables 31, 32, 33, 34).  The adjusted raw count 

models performed worst of all the adjusted models with sensitivities ranging from 46% to 

67%, specificities of 60% to 67%, and accuracies of 60% to 67% generated at two 

APDIC calls and four to five PCHD cases (Tables 25, 26).   
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12. Hypothesis 3a– In the test data set, exponentially weighted models will perform better 
than moving average models, which will perform better than models relying on raw 
counts of calls and cases  
 
 Taking into consideration, the sensitivity, specificity, accuracy, number of true 

positive alerts generated, and threshold levels, the unadjusted seven-day model using PI 

coding on the date the caller contacted APDIC (“PI/start date”) performed slightly better 

than the other models; sensitivity, specificity, and accuracy levels were no lower than the 

other models; however, the unadjusted seven-day model detected slighter higher true 

positive clusters.  Given that sensitivity levels remained very low in all models, none of 

the unadjusted models performed acceptably in the test data sets, i.e., lacked the ability to 

demonstrate detection of true positive clusters at reasonable sensitivity, specificity and 

accuracy levels. 

 Although unadjusted exponentially weighted models had higher sensitivities for 

all four APDIC models ranging from 24% to 71% (Tables 35, 36, 37, 38) in the test data 

sets compared to the seven-day unadjusted models which had sensitivities ranging from 

20% to 33% (Tables 27, 28, 29, 30) and the unadjusted five-day models which had 

sensitivities ranging from 22% and 33% (Tables 31, 32, 33, 34), the unadjusted 

exponentially weighted models at the higher sensitivity levels had much lower 

specificities and accuracies, with specificities ranging from 25% to 46% and accuracies 

ranging from 25% and 48% (Tables 35, 36, 37, 38).  In contrast, all four of the unadjusted 

seven-day models in the test data sets had higher specificities and accuracies ranging 

form 86% to 100% at higher threshold levels (Tables 27, 28, 29, 30).  Likewise, all four 
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of the unadjusted five-day models in the test data sets had higher specificities and 

accuracies ranging from 84% to 100% at higher threshold levels (Tables 31, 32, 33, 34).   

 While all of the unadjusted seven-day models performed better than the 

unadjusted five-day models in the training data sets, there were no substantial differences 

between the two models in the test data sets.  The threshold levels at the highest alarm 

settings for the unadjusted five-day models in the test data sets were slightly higher with 

APDIC calls ranging from 2.6 to 3.0, and PCHD cases ranging from 2.8 to 2.9 (Tables 

31, 32, 33, 34) compared to the unadjusted seven-day models, with alarms ranging from 

2.3 to 2.5 APDIC calls and 2.6 PCHD cases at the highest alarm settings (Tables 27, 28, 

29, 30).  Despite the higher threshold levels for the unadjusted five-day models, they 

performed as poorly as the unadjusted seven-day test models with sensitivities of 33%, 

specificities of 100%, and accuracies of 100% (Tables 31, 32, 33, 34).  Unadjusted raw 

count models performed poorly in the test data sets, with sensitivity levels ranging from 

29 to 32%, and specificities ranging from 63% to 70% , and accuracies ranging from 61% 

to 69% (Tables 25 and 26). 

 

13. Hypothesis 3b – Adjusted for time trends and seasonality, the exponentially weighted 
models will perform better than moving average models, which will perform better than 
models relying on raw counts of calls and cases in the test data set 
 
 All four of the adjusted seven-day moving average models performed better than 

the adjusted exponentially weighted models, adjusted five-day models and the adjusted 

raw count models in the test data sets.  The adjusted raw count models performed the 
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worst of all models in the test data sets with sensitivities of 0% to 20% and specificities 

of 86% to 89% and accuracies of 85% to 88% (Tables 25 and 26). 

 There were no substantial differences between the seven-day models by APDIC 

outcome, i.e., “APDIC/start date”, APDIC/onset date”, PI/start date”, and “PI/onset date”. 

Even though the adjusted seven-day moving average models performed better than the 

other models in the test data set, the best seven-day models had only sensitivities of 50% 

with specificities of 99% to 100% and accuracies of 99% to 100% generated at threshold 

levels ranging from 2.5 to 2.7 APDIC calls and 2.7 PCHD cases (Tables 27, 28, 29, 30) 

compared to the best adjusted exponentially weighted models, which had sensitivities of 

32%, specificities of 98% to 100% and accuracies of 92% and 94% generated at low 

threshold levels of 0.75 to 0.85 APDIC calls, and 0.65 PCHD cases (Tables 35, 36, 37, 

38), and the best adjusted five-day models, which had sensitivities of 40%, specificities 

of 100% and accuracies of 100% generated at slightly higher threshold levels of 3.0 to 

3.2 APDIC calls and 3.0 PCHD cases (Tables 31, 32, 33, 34).   

 The seven-day adjusted moving average models detected three true positive 

clusters and no false positive clusters in all but one of the three models, and six false 

positive clusters in one model (“PI/onset date”) (Tables 27, 28, 29, 30).  In comparison, 

the adjusted five-day models detected two positive clusters and no false positive clusters 

in two models and one false positive cluster in two models (“PI/start date”, PI onset 

date”)  (Tables 31, 32, 33, 34), and the best exponentially weighted moving average 

model detected 27 true positive clusters, and false positive clusters ranging from none to 

15 (Tables 35, 36, 37, 38), and the best adjusted raw counts detected true positive clusters 



 
 
 

 166 

from none to four; however detected the highest number of false positive clusters ranging 

from 102 to 127 (Tables 25 and 26).  
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Table 27. Summary tables for unadjusted and adjusted outcomes using seven-day moving 
averages (model 5); range of alarms and thresholds for the training data set (July 1, 2002 
– December 31, 2004), and the test data set (January 1, 2005 – June 30, 2007), Pima 
County, Arizona 
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 28. Summary tables for unadjusted and adjusted outcomes using seven-day moving 
averages (model 6); range of alarms and thresholds for the training data set (July 1, 2002 
– December 31, 2004), and the test data set (January 1, 2005 – June 30, 2007), Pima 
County, Arizona 
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 29. Summary tables for unadjusted and adjusted outcomes using seven-day moving 
averages (model 7); range of alarms and thresholds for the training data set (July 1, 2002 
– December 31, 2004), and the test data set (January 1, 2005 – June 30, 2007), Pima 
County, Arizona  

 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 30. Summary tables for unadjusted and adjusted outcomes using seven-day moving 
averages (model 8); range of alarms and thresholds for the training data set (July 1, 2002 
– December 31, 2004), and the test data set (January 1, 2005 – June 30, 2007), Pima 
County, Arizona 
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 31. Summary tables for unadjusted and adjusted outcomes using five-day moving 
averages (model 9); range of alarms and thresholds for the training data set (July 1, 2002 
– December 31, 2004), and the test data set (January 1, 2005 – June 30, 2007), Pima 
County, Arizona 
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 32. Summary tables for unadjusted and adjusted outcomes using five-day moving 
averages (model 10); range of alarms and thresholds for the training data set (July 1, 2002 
– December 31, 2004), and the test data set (January 1, 2005 – June 30, 2007), Pima 
County, Arizona 
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 



 
 
 

173 

 
 
 
 

Table 33. Summary tables for unadjusted and adjusted outcomes using five-day moving 
averages (model 11); range of alarms and thresholds for the training data set (July 1, 2002 
– December 31, 2004), and the test data set (January 1, 2005 – June 30, 2007), Pima 
County, Arizona  
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 34. Summary tables for unadjusted and adjusted outcomes using five-day moving 
averages (model 12/model-28); range of alarms and thresholds for the training data set 
(July 1, 2002 – December 31, 2004), and the test data set (January 1, 2005 – June 30, 
2007), Pima County, Arizona  
 

 
 

Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 35. Summary tables for unadjusted and adjusted outcomes using exponentially 
weighted moving averages (model 13); range of alarms and thresholds for the training 
data set (July 1, 2002 – December 31, 2004), and the test data set (January 1, 2005 – June 
30, 2007), Pima County, Arizona 

 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 36. Summary tables for unadjusted and adjusted outcomes using exponentially 
weighted moving averages (model 14); range of alarms and thresholds for the training 
data set (July 1, 2002 – December 31, 2004), and the test data set (January 1, 2005 – June 
30, 2007), Pima County, Arizona 
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 37. Summary tables for unadjusted and adjusted outcomes using exponentially 
weighted moving averages (model 15); range of alarms and thresholds for the training 
data set (July 1, 2002 – December 31, 2004), and the test data set (January 1, 2005 – June 
30, 2007), Pima County, Arizona 
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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Table 38. Summary tables for unadjusted and adjusted outcomes using exponentially 
weighted moving averages (model 16); range of alarms and thresholds for the training 
data set (July 1, 2002 – December 31, 2004), and the test data set (January 1, 2005 – June 
30, 2007), Pima County, Arizona. 
 

 
 
Alarm (number of APDIC calls), Gold (expected number of PCHD cases, reference 
standard), Sensitivity: TP/TP+FN, Specificity: TN/TN+FP, Accuracy: 
TP+TN/TP+FN+TN+FP, PPV: TP/TP+FP, NPV: TN/TN+FN 
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CHAPTER V 
 

SUMMARY, CONCLUSIONS, LIMITATIONS 
and RECOMMENDATIONS 

 
 
 
 

 The substantive objectives of this study were to evaluate the ability of APDIC’s 

data collection and triage system to provide early detection of increases in enteric 

illnesses that may represent suspicious clusters of foodborne illnesses, and to recommend 

ways to improve foodborne illness surveillance efforts by integrating APDIC and PCHD 

surveillance systems.  The first objective involved testing hypotheses using time series 

methods to determine the temporal relationship between APDIC calls and PCHD cases.  

Second, this research was undertaken to extend public health surveillance methods to a 

novel data stream to enhance foodborne illness surveillance: poison control center 

syndromic call data.  This chapter will summarize the study; provide conclusions drawn 

from the data, and make recommendations for future research based on the findings and 

study limitations identified. 

 

 

SUMMARY 

1. Comparison of APDIC Call Data to PCHD Cases  

 Surveillance of foodborne illness is an important public health function.  A 

variety of syndromic data streams have been explored to determine their ability to 
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enhance foodborne illness surveillance including monitoring pharmaceutical data 

(4,5,12,51), school absenteeism (7), worker absenteeism (67,68), nurse hotlines (69-71), 

emergency department chief complaint data (14,20-22,72-75), and laboratory test orders 

(76,77).  No other studies evaluating poison control centers for foodborne illness 

syndromic surveillance were found in a review of the literature, except for previous 

publications utilizing the APDIC database (37,38).   

 Poison control centers provide a new source of syndromic data that may be useful 

in real-time or near real-time to help improve surveillance for foodborne disease 

outbreaks, which are characterized by illness attributable to a common food source 

among two or more persons (24).  During the five-year study period, APDIC received 

1,196 calls that were food related, of which 1,094 (92%) were consistent with the 

diarrhea/gastroenteritis syndrome used and study inclusion criteria; 835 of the 1094 calls 

(76%) were coded by APDIC as “unintentional food poisoning”.  Although the majority 

of calls represented single occurrences of illnesses, 279 (25%) calls involved more than 

one person and thus might have been representative of outbreaks.  APDIC coding 

identified 125 potential contacts; however, manual review of caller record data detected 

an additional 154 callers not identified by the Toxicall® database.  In contrast, the PCHD 

database did not identify any possible contacts of cases. 

 The APDIC database identified a higher proportion of persons with suspected 

foodborne illnesses very early in their illness compared to the PCHD database.  Earlier 

reporting of foodborne illnesses might assist the public health department in enhancing 
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surveillance efforts by identifying suspicious clusters and initiating outbreak 

investigations earlier.  Six hundred seventy three (62%) persons whose reported 

symptoms were consistent with the syndrome definition, called APDIC ≤ 24 hours 

following onset of their symptoms, compared to PCHD which received reports from only 

seven (0.3%) cases within the same time period.  Fifty percent of case reports were 

received by PCHD within 15 days of symptom onset, and 95% were received within 56 

days.  Electronic reporting of laboratory case reports did not improve timeliness of 

enteric illness report notification to PCHD, with a higher number of delayed reports 

received in data set two than one, which was highly statistically significant.  The 

Toxicall® database utilized by APDIC currently does not have a variable to capture date 

of symptom onset, onset dates were manually extracted from the caller record, which 

requires more time for data collection; however, the additional review process estimated 

onset dates for all but 309 (28%) callers.  In contrast, the PCHD database did not have 

symptom onset dates for 40% of case reports (range: 51% to 23%); however, even though 

missing symptom onset dates improved over time, only year five had a lower rate of 

missing symptom onset dates (PCHD at 23% compared to APDIC at 28%).  The process 

used to estimate APDIC symptom onset dates underestimated onset dates; onset dates 

that could be interpreted based on APDIC coding to have occurred within 48 hours of the 

call were recorded as missing, because the exact time the caller contacted APDIC 

following their symptoms was unknown.  Enhancements to the APDIC database and staff 

training could provide for increased reporting of symptom onset date. 
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 The APDIC database identified very few callers at high disease transmission risk 

(child care provider or attendee, health care provider or long term care attendant, food 

handler, or contact with livestock or reptiles); however, it did identify sites of suspected 

exposures that if investigated and confirmed, could assist public health officials in 

containing spread of outbreaks among vulnerable populations, e.g., health care facilities.  

Six (0.5%) callers meeting the syndrome definition reported an institutional facility 

(health care facility, nursing home, group home) as the site of their suspected exposure.  

Only one (0.1%) caller reported their occupation as a health care provider, only one 

(0.1%) caller reported working at a hospital, and no callers reported their occupation as a 

day care provider or food handler.  Only one (0.1%) caller meeting the syndrome 

definition reported contact with a reptile in the week preceding the onset of their illness.  

However, the APDIC database captured an additional 20 (1.8%) callers that, while they 

were excluded from the study, reported contact with an animal known to be associated 

with transmission of enteric illnesses (78-88).  The Toxicall® database that APDIC 

currently utilizes does not routinely capture the caller’s occupation or additional variables 

such as attendee of day care or contact with reptiles or livestock, which may reflect the 

low frequency of callers identified as being of high disease transmission risk.  However, 

the Toxicall® database does capture site of exposure, and through training of staff could 

routinely capture suspected foodborne illness exposure at health care facilities.  

Enhancements to the database would be needed to specifically capture long term care and 

day care facilities.  An additional use of poison control centers could be to incorporate 
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them into public health sentinel surveillance systems.  Some public health departments 

utilize long term care facilities as sentinel sites for the early detection of increases in 

enteric illnesses that may be related to food or waterborne outbreaks (26,67,89).  Further 

staff training and modifications to the APDIC database could ensure the routine 

collection and proper coding of exposure sites connected to vulnerable populations, and a 

real-time referral mechanism from poison control centers to public health departments 

could enhance outbreak surveillance systems through timely reports of suspected clusters 

of foodborne illnesses in institutional settings.  Modifications to the Toxicall® database 

that APDIC utilizes would be needed to ensure routine collection of the other high 

disease transmission risk criteria, e.g., caller’s occupation and contact with animals 

known to be associated with transmission of enteric illnesses.   

 Most callers meeting the syndrome definition did not report an unusually severe 

foodborne illness; however, 293 callers (27%) reported associated symptoms that were 

considered to be of an increased severity, e.g., illness duration ≥ 3 days, bloody diarrhea 

or emesis, fever, or conditions warranting immediate medical attention.  Poison control 

centers could enhance public health foodborne illness surveillance systems through 

increased reporting of callers with unusually severe foodborne illnesses to public health 

departments thereby increasing case reports of severe foodborne illnesses to public health 

departments in a timelier manner than the current surveillance system.  Traditional public 

health department outbreak surveillance systems collect data when ill persons seek 

medical care; health care providers and emergency departments have been known to 
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underreport foodborne illnesses.  Studies have shown that fewer than 8% of persons with 

gastrointestinal symptoms seek medical care, and not all undergo diagnostic testing 

(27,28).  A recent study demonstrated that less than 40% of emergency medicine 

residency programs indicated that they reported all cases of suspected foodborne illnesses 

to public health officials (90).   

 The APDIC database identified fewer persons meeting the syndrome definition 

among vulnerable age groups, i.e., the very young or old, than the PCHD database.  

Fewer foodborne illnesses were reported by APDIC callers among children aged < 5 

years (71 (7%) callers compared to 392 (16%) cases), and fewer adults that were ≥ 65 

years of age (48 (4%) callers compared to 214 (9%) cases).  However, because of 

overlapping age categories in the Toxicall® database, the exact age of 567 (47%) callers 

with suspected foodborne illnesses is not known.  Age categories are used in an effort to 

capture age data from callers who do not indicate their exact age.  Therefore, additional 

staff training may not improve collection of callers’ exact age. 

 a. Recommendations for APDIC Database Enhancements:   

 Key variables needed to automate syndromic surveillance for foodborne illnesses 

include: date of symptom onset, exposure reason (APDIC code: “unintentional food 

poisoning”), multiple contacts, exposure site, and demographics including, age, gender 

and zip code.  Additional variables needed to automate active surveillance of the APDIC 

database for conditions of public health interest, i.e., vulnerable populations (e.g., nursing 

homes), and callers that are of high disease transmission risk include: exposure site, 
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occupation, and contact with animals.  The APDIC variables with the highest coding 

error rates were exposure reason (26%), exposure site (38%), and multiple patients 

(55%).   

 Accurately identifying foodborne illness callers is important because it will 

enhance sensitivity of the detection algorithm, i.e., improve accuracy and minimize false 

alarms.  APDIC coding of food related calls correctly ascertained 76% of suspected 

foodborne illnesses.  Inaccurately coding foodborne illnesses and not identifying all caller 

contacts with foodborne illnesses contributed to the lower sensitivity; this can be 

improved with ongoing staff training and monitoring. 

 Because syndromic surveillance systems rely on pre-diagnostic data, date of 

symptom onset along with demographic variables (age, gender, ZIP code) and multiple 

contacts (potential clusters) are important variables.  The Toxicall® database that APDIC 

utilizes does not capture date of symptom onset.  Likewise, the database underestimates 

the number of contacts for each call; modifications to the database and ongoing staff 

training would ensure that these variables are routinely captured.  Age, gender, and ZIP 

codes are also important in identifying potential foodborne illness clusters.  The current 

database captures gender, which had only a 4% error rate and ZIP code (no missing 

values) appropriately.  However, because the APDIC database captures age as a 

numerical or categorical variable, the exact age of 47% of callers was not known.  Staff 

training on the importance of obtaining the exact age may improve collection of this 

variable. 
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 The ability to capture events or conditions of public health interest would 

strengthen a poison control center and public health department partnership by enhancing 

public health department usability of APDIC data.  Additional modifications to the 

APDIC database and staff training to capture nursing home, group home, and daycare 

exposures under the exposure site variable would be needed.  Additional modification to 

the APDIC database and staff training to capture caller contact with livestock or animals 

under its own exposure reason would also be needed.  In order to identify callers with 

foodborne illnesses at high disease transmission risk, e.g., food handler, health care or 

day care provider would require modifications to the Toxicall® database.  However, even 

with database modifications, some callers may object to providing information on their 

occupation.  Poison control specialists may need to specifically ask callers if they or 

someone in their home is employed as a food handler, health care or day care provider, 

and obtain verbal consent from the caller before referring callers meeting high disease 

transmission risk criteria to the public health department. 

 b. Recommendations for PCHD Database Enhancements:   

 The PCHD database was designed to capture data on notifiable illnesses reported 

to the state and CDC; cases are tracked using the date the health department was notified 

of the illness.  Forty percent of reports of enteric cases were missing symptom onset dates 

(range: 51% to 23%).  Given the delay in notification of case reports to PCHD, it may be 

useful to explore an alternative process for capturing symptom onset dates.  Currently the 

communicable disease investigator obtains the symptom onset date as part of the case 



 
 
 

187 

 
 
 
 

investigation; however, case reports were delayed (50% of cases were received within 15 

days, and 95% of cases received within 56 days), which may have contributed to missing 

or inaccurate onset dates due to recall bias.  Given the importance of symptom onset 

dates for syndromic surveillance, and the results of the study, methods to impute 

symptom onset dates or the use of proxy measures for symptom onset dates are not 

recommended.  An alternative method may be to request the health care provider to 

obtain and record the information as part of the clinical specimen ordering process.  A 

symptom onset date would then be obtained for cases that are lost to follow-up, and for 

cases investigated, the communicable disease investigator could review the date with the 

patient during the case investigation.  An objective of electronic reporting is to improve 

timeliness of case report notification to health departments.  Given the study findings, 

i.e., delayed notification of electronic reports, the electronic laboratory reporting 

processes for reporting notifiable cases to PCHD may need to be reviewed and refined. 

 

2. Validation of the Gastrointestinal Syndrome Used 

 Although APDIC has multiple coding categories that poison control specialists 

can use to code suspected cases of foodborne illnesses, the defined search strategy 

identified calls regarding potential foodborne illnesses reported to and classified by 

APDIC with high specificity and reasonable sensitivity.  If only callers with 

gastrointestinal symptoms and a history of ingestion were considered, a high degree of 

agreement existed between the syndrome definition and coding by the poison control 
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center for those classified as “unintentional food poisoning”.  A previous study by the PI 

using the APDIC database found that the sensitivity of the search strategy and APDIC 

coding for foodborne illness compared to the PI’s assessment of the call data using the 

same gastrointestinal syndrome definition was slightly higher at 86% than the current 

study at 76.3% (37).  However, the current study utilized a more refined search process 

that identified contacts of callers meeting the gastrointestinal syndrome definition and 

stricter study exclusion criteria were applied, resulting in a lower proportion of calls that 

both the nurse reviewer and APDIC agreed on (lowered sensitivity).  The sensitivity after 

applying the previous search strategy (which did not include contact of callers) and 

APDIC coding for foodborne illness was 81.5%, roughly consistent with previous 

findings (37).   

 Because poison control centers report data regarding symptoms, not diagnoses, 

the syndrome definition used to evaluate calls for foodborne illness was critical.  Other 

research studies to date have not compared the accuracy of callers’ chief complaints 

compared with that of poison control specialists’ assessment for foodborne illness.  

However, in comparison to research studies that evaluated the accuracy of other 

gastrointestinal syndromic data streams, this study and the previous APDIC study (37) 

demonstrated slightly higher sensitivities, specificities, and much higher positive 

predictive values.  A study comparing the accuracy of emergency department patients’ 

chief complaint to International Classification of Diseases (ICD) coded diagnoses 

demonstrated modest sensitivity of 61%, specificity of 97%, and positive predictive value 
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of 32% (73).  Wagner, et al. (72) evaluated the performance of an electronic classifier to 

identify gastrointestinal illnesses from emergency department chief complaint data 

compared to ICD-9 codes and demonstrated good sensitivity of 74%, and 92% 

specificity.  A study evaluating the accuracy of nurse advice hotline calls to that of ICD-9 

office visits demonstrated 72% sensitivity, 95.9% specificity, and 37.1% positive 

predictive value (70).   

 In constructing the gastrointestinal syndrome definition, consideration was given 

to multiple definitions discussed in the literature.  The syndrome definition used was 

consistent with the CDC’s syndrome definitions for diseases associated with critical 

bioterrorism –associated agents, i.e., category A conditions (58).  This is the first study 

using poison control center data to quantify the effect of excluding suspected foodborne 

illnesses that are associated with chronic conditions such as inflammatory bowel 

syndrome.  Data on co-morbidities that may contribute to misclassification were 

abstracted from the caller’s narrative note, a manual process requiring more time.  In 

order for an automated algorithm to capture data on chronic conditions consistently in 

real-time, modifications to the database would be needed.  Given that only three (0.3%) 

callers were excluded from the study for chronic medical conditions, it may not be 

necessary to exclude chronic medical conditions from gastrointestinal syndrome 

definitions and therefore modification of the APDIC database may not be necessary. 
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3. Validation of the Predictive Algorithms  

 None of the prediction models performed at sensitivity levels that would be 

considered acceptable by public health department standards.  Additionally, the lack of a 

gold standard with dates of known foodborne outbreaks and number of associated cases 

resulted in the use of daily increases in cases of enteric illnesses as a proxy measure, 

which although allowed for a means for validating training algorithms, was a process that 

arbitrarily defined increases in enteric illnesses.  Therefore in practice, it’s not known 

whether the defined daily increases in cases would translate to suspicious clusters of 

foodborne illnesses.  The best performing model was the seven-day moving average 

model adjusted for seasonal effects.  While the training data set had a reasonable 

sensitivity of 75%, specificity of 100%, and positive predictive value of 100%, the test 

data set performed only modestly with a sensitivity of 50%, specificity of 100%, and 

positive predictive value of 100%.  However, in both the training and test data sets, the 

high specificity and positive predictive values were based on 2.7 APDIC calls (alarms), 

triggering an expected 2.7 PCHD cases (reference standard) for three clusters over a two 

and a half year period in both the training and test data sets.  While, 2.7 calls and 2.7 

cases appear to be reasonable thresholds, there’s uncertainty that the increases in calls 

represent suspicious clusters of foodborne illnesses.   

 Resistance within the public health community may occur if limited resources are 

used to evaluate false alarms (91,92).  Although the adjusted seven-day moving average 

model did not identify any false alarms over the two and half year test period, there’s no 
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way to know if these increases would translate into true foodborne disease outbreaks in 

the real world, and thus health department resources may be used to investigate APDIC 

generated alarms that are then determined to be false alarms.  Additionally, the seven-day 

adjusted moving average model detected only half of the true positive increases in enteric 

cases in the test data set.  In practice, if these increases translated into true clusters, than it 

would be even riskier for the health department to rely on an algorithm that under detects 

foodborne illness clusters.    

 Few studies have reported on retrospective validation of predictive algorithms for 

gastrointestinal syndromes; research to date has focused on validating algorithm 

performance using simulated data (93-103), or prospectively validating algorithm 

performance (7,22,73,74,104,105).  In contrast to this study, one retrospective study was 

conducted to evaluate multiple automated prediction algorithms to determine how 

reliably and quickly they could detect gastrointestinal syndromes from military outpatient 

visit records with ICD-9 codes, civilian ICD-9 coded outpatient visit records and military 

outpatient prescription records (106).  The researchers were given dates of two known 

outbreaks in the 14 month training data set, and determined outbreaks for the nine month 

test data set.  The reliability of the outbreak dates that the researchers identified was 

never quantitatively assessed; further examination to determine whether outbreaks 

occurred on the dates determined by the investigators was never assessed (106,107).  All 

algorithms demonstrated higher sensitivities than those reported in this study.  The worst 

performing algorithm detected five of seven outbreaks (71% sensitivity), which 
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outperformed this study’s best performing algorithm, the seven-day adjusted moving 

average model (50% sensitivity).  Additionally, the best predictive algorithms detected all 

of the outbreaks at false alert rates of one every two – six weeks, and some were able to 

detect on the same day that investigators had determined was the true start of the 

outbreak (106).  A two-year retrospective study that used an adjusted space-time scan 

statistic had a lower sensitivity than this study for identifying pre-identified public health 

department gastrointestinal outbreaks; the predictive algorithm failed to identify 110 (0% 

sensitivity) of the gastrointestinal disease outbreaks, each with a median of seven cases 

from an electronic database of ambulatory care visits (108).  Approximately half of the 

pre-defined outbreaks were caused by viral pathogens, noroviruses.  The algorithm 

detected three unusual clusters which appeared to be linked to the outbreaks; however, 

were deemed by the health department to be unrelated.  The investigators considered two 

important factors that contributed to the predictive algorithm’s low sensitivity, low 

proportion (8%) of the state’s population included in the surveillance system, and large 

proportion of state-wide outbreaks due to caliciviruses for which persons typically do not 

seek medical care and concluded that validation of predictive algorithms was best done 

prospectively (108). 
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CONCLUSIONS 

 There are two likely explanations for the inability to demonstrate conclusively a 

temporal relationship between APDIC calls and PCHD cases.  First, a temporal 

relationship may exist and the lack of an adequate gold standard with dates of known 

outbreaks and the number of associated contacts could have prevented the detection of a 

temporal relationship.  Additionally, PCHD data quality, e.g., high proportion of missing 

values for date of symptom onset, and variability between data sets for other missing date 

variables could have also been a factor.  However, it was hoped that the use of five years 

of historical data using increases in enteric cases as a proxy for outbreaks could have 

overcome these obstacles.  Alternatively, a temporal relationship between APDIC calls 

reporting suspected foodborne illnesses and PCHD laboratory reports of enteric cases 

may not exist, and the availability of a gold standard data set with known outbreaks, and 

a minimum of missing data would not have changed the negative findings. 

 Comparing the incubation period noted for the majority of APDIC callers (≤ 24 

hours) with that for persons whose cases were identified by PCHD suggests that the two 

data sets are identifying persons from different populations.  Preformed toxins are 

typically associated with gastroenteritis after a short incubation period (usually 2-4 hours) 

(109).  Chemical contaminants also produce similar symptoms ≤30 minutes after 

ingestion (24).  In contrast, bacterial pathogens, including Shigella and Salmonella, might 

be associated with longer incubation periods (range: 12-36 hours for Salmonella and 12-

96 hours for Shigella) (109).  Another possibility is that callers inaccurately identified 
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their previous meal as the source of their illness.  Because the etiologic source of the 

callers’ reported illnesses could not be validated, this matter remains unresolved, 

underscoring the necessity for external validation of sources.  

 Studies reporting on the results of prospective surveillance systems utilizing 

syndromic data streams have demonstrated that predictive algorithms detect outbreaks of 

non-reportable enteric illnesses; therefore a gold standard using known outbreaks from 

laboratory reports of enteric illnesses would be inappropriate.  An initial study reporting 

on the progress of the Department of Defense’s automated surveillance system of 

ambulatory data records of active duty personnel and their families, retirees, and other 

nonactive-duty beneficiary visits determined three almost simultaneous outbreaks of 

diarrheal disease; rotavirus (non-reportable enteric illness) was confirmed as the 

causative pathogen for one of the outbreaks (110).  Likewise, New York City’s three-year 

experience monitoring emergency department chief complaint data, pharmacy, and 

absentee data detected citywide outbreaks of norovirus (non-reportable enteric illness), 

rotavirus, and a post power outage diarrheal outbreak not detected by traditional public 

health surveillance systems (75,111).  However, during the same period, 49 

gastrointestinal outbreaks involving ≥ 10 persons reported to the New York City 

Department of Health and Mental Hygiene were not detected simultaneously by the 

emergency department chief complaint data (75).  The evidence suggests that 

gastrointestinal syndromic surveillance systems detect outbreaks that while not 

reportable, were not detected by the health department’s traditional surveillance system.  
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 Misclassification of APDIC calls could have contributed to the inability of the 

adjusted seven-day moving average model to detect the three clusters (three days with 

increases in PCHD cases) that were missed.  Misclassification is always a concern with 

syndromic data, underscoring the need for a clinical validation study.  To the extent that 

callers correctly identify the suspected cause of their illness; the effect of 

misclassification is minimal.  Suspected foodborne illnesses caused by chemicals were 

excluded because they would not be represented among PCHD cases.  Suspected 

illnesses caused by a lab exposure (n=1), and contact with animals (n=20) may have 

represented PCHD enteric cases; however, inclusion of these calls likely would not have 

changed the results.   

 The advantage of this study was its cost effective approach utilizing existing 

databases to explore a new methodology to enhance foodborne illness surveillance.  

However, both APDIC and PCHD databases were constructed for other intended 

purposes.  The APDIC database was developed for acute clinical care, and the PCHD 

database was designed to capture data on notifiable illnesses reported to the state and the 

CDC; cases are tracked using the illness report date.  This study found that the current 

databases lacked vital information needed for syndromic surveillance studies, and would 

need to be modified before conducting future studies.  

 Results of the study do not support the use of automated algorithms to 

prospectively monitor the APDIC database for daily increases in calls reporting suspected 

foodborne illnesses.  However, the APDIC database is a rich database with information 



 
 
 

196 

 
 
 
 

on callers with suspected foodborne illnesses, e.g., exposure sites, and is available 24-7 to 

both the public and health care providers, and could be more useful as a source of active 

surveillance for key conditions of public health interest, e.g., real-time reporting of 

suspected foodborne illnesses and conditions of public health interest, e.g., callers 

meeting high disease transmission risk criteria (38).  The APDIC and PCHD databases 

appear to be independent (calls and cases are not duplicative), and given that the current 

health department surveillance system captures suspected foodborne illnesses much later 

(50% of laboratory reports received within 15 days), APDIC call data may provide 

timelier notification of foodborne illness cases of public health interest.  The CDC 

advises health care providers to investigate all cases of suspected foodborne illnesses, 

because one case can be a sentinel case, i.e., lead to detection of an outbreak (49).  

Therefore, additional APDIC training on a standardized process for coding suspected 

foodborne illness calls, and additional modification to the APDIC database to capture 

variables needed for active surveillance of a syndromic database is warranted.    

 

 

LIMITATIONS 

 This study is subject to multiple limitations.  For outbreak detection to be 

improved, the Toxicall® database that APDIC uses needs to be adapted to collect and 

code call data consistently with the established CDC syndrome-based definition.  Not all 

suspected exposures could be confirmed through laboratory testing.  Demographic and 
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clinical data are missing from both the APDIC and PCHD databases.  Symptom onset 

dates were not available for 40% of PCHD laboratory cases of enteric illnesses (range: 

51% - 23%).  In an attempt to compensate, random imputation methods were used to 

estimate symptom onset dates for PCHD cases in which the symptom onset date was 

unknown on the basis of the interval from the date of symptom onset to laboratory 

confirmation date for data set one, and the interval from the date of symptom onset to the 

laboratory specimen collection date for data set two.  This was done separately by type of 

PCHD case (e.g. campylobacter and hepatitis A).  The imputed time series structure 

changed for each estimate, generating alarms that varied in number, timing, and intensity.  

Therefore, it was not reasonable to construct and test algorithms using imputed symptom 

onset dates.  One reason why APDIC calls did not demonstrate a temporal association 

might be the loss of PCHD cases that were missing symptom onset date, underscoring the 

need for more complete data in future studies.   

 Additional variations in data quality and data variability (longer intervals between 

specimen collection dates and laboratory test results data, and symptom onset date and 

date of notification to PCHD) between the training and test data sets may have made it 

difficult to detect a temporal relationship between APDIC calls and PCHD cases.  

Systematic differences in data characteristics between the training and test data set was 

unavoidable; training and test data sets were needed to develop and validate prediction 

algorithms.  The data base was divided in half to allow for the maximum amount of data 

for both training and test data sets.  However, the PCHD database was provided from two 
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sources; three and half years from a locally managed database that used a paper-based 

laboratory reporting system to track cases, and one and half years of an electronic 

database that was managed by a state epidemiologist to track electronic laboratory reports 

(Figure 42).  Differences between data set one and two in data quality (missing date 

values) that were statistically significant, differences in demographics that were 

statistically significant, and differences in the interval (days) between key date variables 

may have resulted from the larger sample size in data set one compared to data set two; 

however, some of the other differences (intervals in days) may be real differences 

(changing processes over time).  Therefore, the systematic differences between the two 

data sets may have made it more difficult to test model performance, i.e., detect 

differences between training and test models. 

 

Figure 42. Comparison of time periods for PCHD training data set (July 1, 2002 — 
December 31, 2004), and PCHD test data set (January 1, 2005 — June 30, 2007) to 
PCHD data set one (July 1, 2002 - December 31, 2005), and PCHD data set two (January 
1, 2006 — June 30, 2007), Pima County, Arizona 
 

A. C 
Data Set One Data Set Two 

 
B D. 

Training Data Set Test Data Set 
 
A: Data set one: July 1, 2002 – December 31, 2005 
B: Training data set: July 1, 2002 – December 31, 2004 
C. Data set two: January 1, 2006 – June 30, 2007 
D. Test data set: January 1, 2005 – June 30, 2007 
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 An additional limitation is the lack of a gold standard to clearly identify dates of 

outbreaks.  To compensate, increases in PCHD cases were used as a proxy measure for 

outbreaks.  The lack of specific outbreak dates limited the ability to quantitatively 

validate algorithm performance and assess the temporal association between APDIC calls 

and PCHD cases.  However, even if provided with outbreak dates, laboratory reports of 

enteric illnesses may not be an adequate gold standard.  Laboratory reports of enteric 

illness cases are derived from passive surveillance systems, which are subject to 

underreporting and therefore represent a subset of county foodborne illnesses.  

Additionally, APDIC calls of suspected foodborne illnesses may be too sporadic to detect 

county foodborne disease outbreaks.  Because of low call volume (< 1 call/day), and a 

non-specific syndrome definition used to ascertain foodborne illness calls, the APDIC 

database by itself may be insufficient, e.g., lack the sensitivity and specificity to detect 

county foodborne disease outbreaks.  Consistent with other foodborne surveillance 

studies, the illness reported might have been acquired not through what the caller 

identified as previously contaminated food but instead through an earlier contaminated 

food source, contaminated water, person-to-person contact or direct contact with animals 

(112).  
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RECOMMENDATIONS 

 Despite these limitations, this study demonstrates a potential role, although 

limited to active surveillance of sentinel events and conditions of public health 

department interest, e.g., foodborne illness callers identified at high disease transmission 

risk for poison control center and public health department foodborne illness surveillance 

partnership.  The two systems detect gastrointestinal syndromes and could potentially 

overlap if both the poison control center and the public health department used a well-

designed, specific syndromic screening tool and maintained data regarding the frequency 

and severity of foodborne illnesses (i.e., for detection of foodborne disease outbreaks).  

Poison control centers provide 24-hour coverage with trained poison control specialists 

who might enhance health department surveillance, particularly during the evenings and 

on weekends.  However, successful integration of these systems requires external clinical 

validation of poison control center foodborne illness calls. 

 On the basis of this analysis, an additional retrospective study using similar time 

series methods and PCHD non-reportable enteric illness data, e.g., dates and number of 

associated cases of known norovirus outbreaks as the gold standard needs to be 

conducted.  Understanding the temporal relationship between the PCHD database of non-

reportable enteric cases (e.g., norovirus) and the APDIC database of suspected foodborne 

illness is a cost effective approach to determine the feasibility of the APDIC database to 

enhance foodborne illness surveillance. 
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 In the event that additional gold standard data are unavailable to allow for the 

recommended retrospective validation study, than on the basis of this analysis, a 

prospective active surveillance study of APDIC’s real-time foodborne illness complaint 

calls could be implemented.  Callers to APDIC whose illnesses are consistent with the 

syndrome definition and who pose the highest transmission risk (e.g., food handlers, child 

care providers or attendees, callers with an increase in severity of symptoms, or callers 

with an unusual illness presentation could, upon informed consent, be referred to PCHD 

for evaluation of these symptoms.  Similarly, an independent nurse reviewer could 

conduct follow-up regarding consenting callers whose symptoms are consistent with the 

syndrome definition but who are not referred to PCHD to determine the extent of their 

illness and any medical treatment received.  A prospective surveillance study will allow 

for a clinical validation of callers’ illnesses by determining sensitivity, specificity, and 

positive predictive value by using a laboratory test as a standard on those calls referred to 

PCHD. 

 Given the low call volume of APDIC calls reporting suspected foodborne 

illnesses, a prospective population-based telephone survey could be conducted to 

estimate the number of foodborne illnesses in the county that are occurring in the same 

time period for each call to APDIC that meets the gastrointestinal syndrome definition.  

Foodborne illnesses are underreported, and both PCHD and APDIC databases most likely 

under represent the burden of county foodborne illnesses.  A similar study was conducted 

on emergency department data and determined that every visit for diarrheal illness 
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represented approximately 251 community illnesses (113).   Therefore, poison control 

center call data, although low call volume, could be useful as an active sentinel 

surveillance system for community diarrheal illness (cases among vulnerable populations, 

e.g., nursing homes, day care centers); however, this needs to be tested. 

 Additional studies are needed to assess the effectiveness of a prospective, 

integrated approach to foodborne illness surveillance.  Fundamental to success of these 

efforts is public awareness of what types of illnesses should be reported and where they 

should be reported, the use of CDC’s standardized definitions of syndromic illnesses, and 

consistent coding of calls by poison control specialists.  Even if a temporal relationship 

between APDIC calls and PCHD cases is not demonstrated, it may still be beneficial to 

conduct prospective surveillance of calls to detect outbreaks that may not have otherwise 

been detected, and at a minimum, conduct active surveillance to detect conditions, and 

exposure sites known to be connected to vulnerable populations, e.g., long term care 

facilities and health care facilities.   

 The aim of syndromic surveillance is to detect suspicious clusters of foodborne 

illnesses very early in order to implement preventive measures aimed at minimizing 

associated morbidity, while at the same time minimizing the number of false alarms and 

resources that would be needed to investigate them.  Given study findings that the 

APDIC database identified callers with suspected foodborne illnesses with reasonable 

sensitivity and high specificity, and that APDIC data are available real-time it would be 

prudent to further explore the usefulness of poison control center call data.  Some states 
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have taken on the Healthy People 2010 goal of reducing enteric illnesses to no more than 

20/100,000 people (89).  For these states in particular, prospective surveillance of poison 

control center calls with suspected foodborne illnesses may help to determine common 

pathways that could lead to implementing interventions designed to reduce enteric 

illnesses, and reach their targeted Healthy People goal.  

 Poison control centers might improve public health syndromic surveillance for 

foodborne illnesses because they capture early, real-time symptom data from the broadest 

possible range of sources (i.e., callers with mild to severe illness).  Once clinical 

evaluation has confirmed callers’ foodborne illnesses, then computerized poison control 

center databases could be linked and programmed with refined detection algorithms to 

alert public health officials of increases in cases or geographic clustering of cases.  

Poison control centers could be utilized to monitor for clusters of suspicious foodborne 

illnesses that might not get reported through health department traditional surveillance 

systems.  Additionally, poison control centers could be utilized during known outbreaks 

to identify additional cases and rapidly investigate them.  Due to the nature of the poison 

control center database, e.g., non-specific gastrointestinal syndrome data, and the 

potential to over utilize limited health department resources, it may be prudent to limit 

detection algorithms to identify only specific conditions of interest, e.g., high disease 

transmission risk criteria and potential outbreaks in institutional settings, thus minimizing 

the potential for false alerts.   The PCHD surveillance system is limited in its ability to 

capture real-time foodborne illness symptom data from civilian populations.  APDIC 
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might provide a useful addition to the PCHD’s syndromic surveillance system and might 

assist in early detection of foodborne disease outbreaks.    

 

 
 
 
 
 
 



 
 
 

205 

 
 
 
 

REFERENCES 
 
 
 
 

1. Gesteland PH, Gardner RM, Tsui F-C, et al. Automated syndromic surveillance for 
the 2002 winter Olympics. J Am Med Inform Assoc 2003;10:547-54. 

2. Sosin DM. Syndromic surveillance: the case for the skillful investment. Biosecurity 
and Bioterrorism: Biodefense Strategy, Practice, and Science 2003;1:247-53. 

3. Mandl KD, Overhage M, Wagner MM, et al. Implementing syndromic surveillance: 
a practical guide informed by the early experience. J Am Med Inform Assoc 
2004;11:141-50. 

4. Das D, Metzger K, Heffernan R, et al. Monitoring over-the-counter medication sales 
for early detection of disease outbreaks – New York City. In: Syndromic 
surveillance: reports from a national conference, 2004. MMWR 2005;54(Suppl):41-
46. 

5. Edge V, Pollari F, Ng LK, et al. Syndromic surveillance of Norovirus using over-the-
counter sales of medications related to gastrointestinal illness. Can J Infect Dis Med 
Microbiol 2006;17:235-41. 

6. Murray EL, Heffernan R, Yeung A, et al. Use of syndromic surveillance in the 
investigation of Salmonella wandsworth Outbreak. Advances in Disease Surveillance 
2007;4:180 

7. Rodriguez D, Zhang G, Leguen F, et al. Using public school absentee data to 
enhance syndromic surveillance in Miami-Dade county, 2007. Advances in Disease 
Surveillance 2007;4:188. 

8. Rand Center for Domestic and International Health Security. Syndromic 
surveillance: an effective tool for detecting bioterrorism? Santa Monica, CA: Rand 
Center for Domestic and International Health Security; 2004. 

 



 
 
 

206 

 
 
 
 

REFERENCES – Continued 
 
 
 

9. CDC. Framework for evaluating public health surveillance systems for early 
detection of outbreaks: recommendations from the CDC Working Group. MMWR 
2004;53(No. RR-5):1-11. 

10. Buehler JW, Berkelman RL, Hartley DM, Peters CJ. Syndromic surveillance and 
bioterrorism-related epidemics. Emerg Infect Dis 2003;9:1197-1204. 

11. Sosin DM. Evaluation challenges for syndromic surveillance—making incremental 
progress. In: Syndromic surveillance: reports from a national conference, 2003. 
MMWR 2004;53(Suppl):125-29. 

12. Wagner MM, Tsui F-C, Espino J, et al. National retail data monitor for public health 
surveillance. In: Syndromic surveillance: reports from a national conference, 2003. 
MMWR 2004;53(Suppl):40-46. 

13. Greenko J, Mostashari F, Fine A. Layton M. Clinical evaluation of the emergency 
medical services (EMS) ambulance dispatch-based syndromic surveillance system, 
New York City. J Urban Health 2003;80(Suppl 1):i50-6. 

14. Mundorff MB, Gesteland P, Haddad M, Rolfs R. Syndromic surveillance using chief 
complaints from urgent-care facilities during the Salt Lake 2002 Olympic winter 
games. In: Syndromic surveillance: reports from a national conference, 2003. 
MMWR 2004;53(Suppl):254. 

15. Heffernan R, Mostashari F, Das D, et al. Syndromic surveillance in public health 
practice, New York City. Emerg Infect Dis 2004;10:858-64 

16. Steiner-Sichel L, Greenko J, Heffernan R, et al. Field investigations of emergency 
department syndromic surveillance signals - - - New York City. In: Syndromic 
surveillance: reports from a national conference, 2003. MMWR 2004;53(Suppl):184-
89. 

  



 
 
 

207 

 
 
 
 

REFERENCES – Continued 
 
 
 

17. Michigan Department of Community Health. Michigan emergency department 
syndromic surveillance system. Available at 
http://www.michigan.gov/documents/SyndromicSurveillanceMichigan_111890_7.pdf. 

18. Indiana State Department of Health. Public health surveillance system update. 
Indiana Epidemiology Newsletter 2006; Vol9, no. 10. Available at 
http://www.in.gov/isdh/files/oct06newsletter.pdf. 

19. North Dakota Department of Health. North Dakota department of health syndromic 
surveillance program. Available at 
http://www.ndhealth.gov/Disease/Surveillance/syndromicsurveillance.htm. 

20. Baer A, Coberly J, Hung L, et al. Classification of emergency department syndromic 
data for seasonal influenza surveillance. Advances in Disease Surveillance 
2007;4:233. 

21. Costa MA, Kulldorff M, Kleinman K, et al. Comparing the utility of ambulatory care 
and emergency room data for disease outbreak detection. Advances in Disease 
Surveillance 2007;4:243. 

22. Sheline KD. Evaluation of the Michigan emergency department syndromic 
surveillance system. Advances in Disease Surveillance 2007;4:265. 

23. Mead PS, Slutsker L, Dietz V, et al. Food-related illness and death in the United 
States. Emerg Infect Dis 1999;5:607-25. 

24. Olsen SJ, MacKinnon LC, Goulding JS, et al. Surveillance for foodborne-disease 
outbreaks–United States, 1993-1997. MMWR 2000;49(No. SS-1). 

25. Buzby JC, Roberts T. Economic costs and trade impacts of microbial foodborne 
illness. World health Stat Q. 1977;50(1-2):57-66. 



 
 
 

208 

 
 
 
 

REFERENCES – Continued 
 
 
 

26. Miller JH, Mikol Y. Surveillance for diarrheal disease in New York City. J Urban 
Health 1999;76:388-90. 

27. Khan AS, Swerdlow DL, Juranek DD. Precautions against biological and chemical 
terrorism directed at food and water supplies. Public Health Rep 2001;116:3-14. 

28. Oregon Department of Human Resources. Food practices and diarrheal diseases: vox 
populi. CD Summary 1998;Vol. 47, no.24:1. Available at 
http://oregon.gov/DHS/ph/cdsummary/1998/ohd4724.pdf. 

29. CDC. Preliminary FoodNet data on the incidence of foodborne illness-selected sites, 
United States, 2001. MMWR 2002;51:325-29. 

30. Tauxe R. Emerging infectious disease: an evolving public health challenge. Emerg 
Infect Dis 1997;3:425-34 

31. Slutsker L, Altekruse SF, Swerdlow DL. Foodborne diseases: emerging pathogens 
and trends. Infect Dis Clin North Am 1998;12:199-216. 

32. Sivapalasingam S, Barrett E, Kimura A. A multistate outbreak of Salmonella 
enterica serotype Newport infection linked to mango consumption: impact of water-
dip disinfection technology. Clin Infect Dis 2003;37:1585-90. 

33. Hoffman RE, Greenblatt J, Matyas BT, et al. Capacity of state aznd territorial health 
agencies to prevent foodborne illness. Emerg Infect Dis 2005;11:11-16. 

34. Institute of Medicine. Forging a poison prevention and control system. Washington, 
DC: The National Academies Press; 2004. 

 



 
 
 

209 

 
 
 
 

REFERENCES – Continued 
 
 
 

35. CDC, Public Health Training Network Webcast. Recognition of chemical associated 
gastrointestinal foodborne illness. 2005 Available at 
http://www2.cdc.gov/phtn/webcast/gastro-05/default.asp. 

36. Burgess JL, Pappas GP, Robertson WO. Hazardous materials incidents: the 
Washington poison center experience and approach to exposure assessment. J Occup 
Environ Med. 1997;39:760-6. 

37. Derby MP, McNally J, Ranger-Moore J, et al. Poison control center-based syndromic 
surveillance for foodborne illness. In: Syndromic surveillance: reports from a 
national conference, 2004. MMWR 2005;54(Suppl):35-40. 

38. Derby MP, McNally J, Ranger-Moore J, et al. Active surveillance of foodborne 
illnesses using a novel syndrome database. Advances in Disease Surveillance 
2007;2:101. 

39. CDC. Foodborne disease outbreaks, 5year summary, 1983-1987. MMWR 
1990;39(No. SS1):15-57. 

40. CDC. Surveillance for foodborne-disease outbreaks---United States, 1998---2002. In: 
Surveillance Summaries, MMWR 2000;49(No. SS-1). 

41. Torok T, Tauxe R, Wise R, et al. A large community outbreak of salmonellosis 
caused by intentional contamination of restaurant salad bars. JAMA 1997;278:389-
95. 

42. Khan A, Levitt A, Sage M. Biological and chemical terrorism: strategic plan for 
preparedness and response. In: Recommendations and Reports, MMWR 
2000;49(RR04);1-14. 

 



 
 
 

210 

 
 
 
 

REFERENCES – Continued 
 
 
 

43. Hamburg M. Challenges confronting public health agencies. Public Health Rep 
2001;116 Suppl 2:59-63. 

44. Hennessy T, Hedberg C, Slutsker L, et al. A national outbreak of Salmonella 
enteritidis infections from ice cream. The investigation team. N Engl J Med 
1996;334:1281-6. 

45. Chalker RB, Blaser MJ. A review of human salmonellosis: III. Magnitude of 
Salmonella infection in the United States. Rev Infect Dis 1988;10:111-24. 

46. Arizona Department of Health Services. Report communicable diseases to the local 
health department. A.A.C. R9-6-202. Available at 
http://www.azdhs.gov/phs/oids/downloads/rptlist.pdf. 

47. Reingold AL. Outbreak investigations – a perspective. Emerg Infect Dis 1998;4:21-
27. 

48. CDC. Frequently asked questions – foodborne illness. 2005. Available at 
http://www.cdc.gov/ncidod/DBMD/diseaseinfo/files/foodborne_illness_FAQ.pdf. 

49. CDC. Diagnosis and management of foodborne illnesses: a primer for physicians and 
other health care professionals. MMWR 2004;53(No.RR-4):1-33. 

50. Hakre S, Porter WD, Pavlin JA. Survey of pre-clinical behavior – what do people do 
when they get sick? Advances in Disease Surveillance 2007;4:250. 

51. Hogan WR, Tsui F-C, Ivanov O, et al. Detection of pediatric respiratory and 
diarrheal outbreaks from sales of over-the-counter electrolyte products. J Am Med 
Inform Assoc 2003;10:555-62. 

 
 



 
 
 

211 

 
 
 
 

REFERENCES – Continued 
 
 
 

52. Proctor ME, Blair KA, Davis JP. Surveillance data for waterborne illness detection: 
an assessment following a massive waterborne outbreak of Cryptosporidium 
infection. Epidemiol Infect 1998;120:43-54 

53. Levin JE, Raman S. Early detection of rotavirus gastrointestinal illness outbreaks by 
multiple data sources and detection algorithms at a pediatric health system. AMIA 
Annu Symp Proc. 2005; 2005: 445–449. 

54. Diggle P, Knorr-Held L, Rowlingson B, et al. On-line monitoring of public health 
surveillance data. In: Brookmeyer R, Stroup DF, eds Monitoring the health of 
populations: statistical principles and methods of public health surveillance. Oxford: 
Oxford University Press; 2004: 233-66. 

55. Wethington H, Bartlett P. The RUsick2 foodborne disease forum for syndromic 
surveillance. Emerg Infect Dis 2004;10:401-05. 

56. Morse S. The vigilance defense. Sci Am 2002;4:88-9. 

57. United States Census Bureau. State and county quick facts: Pima County 2006 
estimate. Available at http://quickfacts.census.gov/qfd/states/04000.html. 

58. CDC. Surveillance: syndrome definitions used for diseases associated with critical 
bioterrorism associated agents. October 23, 2003. Available at 
http://www.bt.cdc.gov/surveillance/syndromedef/pdf/syndromedefinitions.pdf. 

59. CDC. Case definitions for infectious conditions under public health surveillance. 
MMWR 1997;46(No. RR-10). 

60. Arizona Department of Health Services. Case definitions for reportable 
communicable morbidities. August 2006. Available at 
http://www.azdhs.gov/phs/oids/pdf/casedefinitions.pdf. 



 
 
 

212 

 
 
 
 

REFERENCES – Continued 
 
 
 

61. Arizona Department of Health Services. Number of reported cases of selected 
notifiable diseases by category for each county. 2002. Available at 
http://www.azdhs.gov/phs/oids/stats/pdf/cases_2002.pdf. 

62. Arizona Department of Health Services. Number of reported cases of selected 
notifiable diseases by category for each county. 2003. Available at 
http://www.azdhs.gov/phs/oids/stats/pdf/cases_2003.pdf. 

63. Arizona Department of Health Services. Number of reported cases of selected 
notifiable diseases by category for each county. 2004. Available at 
http://www.azdhs.gov/phs/oids/stats/pdf/t1_cases_by_county2004.pdf. 

64. Arizona Department of Health Services. Number of reported cases of selected 
notifiable diseases by category for each county. 2005. Available at 
http://www.azdhs.gov/phs/oids/stats/pdf/casesbycounty2005.pdf. 

65. Arizona Department of Health Services. Number of reported cases of selected 
notifiable diseases by category for each county. 2006. Available at 
http://www.azdhs.gov/phs/oids/pdf/casesbycounty2006.pdf. 

66. Arizona Department of Health Services. Number of reported cases of selected 
notifiable diseases by category for each county. 2007. Available at 
http://www.azdhs.gov/phs/oids/pdf/countycases2007.pdf. 

67. Heffernan R, Mostashari F, Das D, et al. New York City syndromic surveillance 
systems. In: Syndromic surveillance: reports from a national conference, 2003. 
MMWR 2004;53(Suppl):25-27. 

68. Hutwagner L, Thompson W, Seeman M, Treadwell T. The bioterrorism 
preparedness and response Early Aberration Reporting System (EARS). J Urban 
Health 2003;80(2 Suppl):i89-96. 

 



 
 
 

213 

 
 
 
 

REFERENCES – Continued 
 
 
 

69. Rodsman JS, Frost F, Jakubowski W. Using nurse hot line calls for disease 
surveillance. Emerg Infect Dis 1998;4:329-32. 

70. Henry JV, Magruder S, Snyder M. Comparison of office visit and nurse advice 
hotline data for syndromic surveillance – Baltimore-Washington, D.C., metropolitan 
area, 2002. In: Syndromic surveillance: reports from a national conference, 2003. 
MMWR 2004;53(Suppl):112-16. 

71. Magruder SF, Henry J, Snyder M. Linked analysis for definition of nurse advice line 
syndrome groups, and comparisons to encounters. In: Syndromic surveillance: 
reports from a national conference, 2004. MMWR 2005;54(Suppl):93-97. 

72. Wagner MM, Espino J, Tsui F-C, et al. Syndrome and outbreak detection using 
chief-complaint data – experience of the Real-Time Outbreak and Disease 
Surveillance project. In: Syndromic surveillance: reports from a national conference, 
2003. MMWR 2004;53(Suppl):28-31. 

73. Paladini M. Daily Emergency Department Surveillance System – Bergen County, 
New Jersey. In: Syndromic surveillance: reports from a national conference, 2003. 
MMWR 2004;53(Suppl):47-49. 

74. Yuan CM, Love S, Wilson M. Syndromic surveillance at hospital emergency 
departments – Southeastern Virginia. In: Syndromic surveillance: reports from a 
national conference, 2003. MMWR 2004;53(Suppl):56-58. 

75. Balter S, Weiss D, Hanson H, et al. Three years of emergency department 
gastrointestinal syndromic surveillance in New York City: what have we found? In: 
Syndromic surveillance: reports from a national conference, 2004. MMWR 
2005;54(Suppl):175-80. 

 
 



 
 
 

214 

 
 
 
 

REFERENCES – Continued 
 
 
 

76. Ma H, Rolka H, Mandl, K, et al. Implementation of laboratory order data in 
BioSense Early Event Detection and Situation Awareness System. In: Syndromic 
surveillance: reports from a national conference, 2004. MMWR 2005;54(Suppl):27-
30. 

77. Olsen CH, Malone JD, Hakre S, Pavlin JA. Effective use of laboratory data for 
monitoring population health. Advances in Disease Surveillance 2007;2:211. 

78. CDC. Reptile-associated salmonellosis – selected states, 1996-1998. MMWR 
1999;48:1009-13. 

79. CDC. Reptile-associated salmonellosis – selected states, 1998-2002. MMWR 
2003;52:1206-9 

80. CDC. Salmonellosis associated with pet turtles --- Wisconsin and Wyoming, 2004. 
MMWR 2005;54:223-6. 

81. CDC. A multidrug-resistant Salmonella Tymphimurium outbreak associated with 
small rodents purchased at retail pet stores – United States, December 2003-October, 
2004. MMWR 2005;54:429-33. 

82. CDC, NASPHV. Compendium of measures to prevent disease associated with 
animals in public settings, 2005. MMWR 2005;54(No. RR-4):1-13. 

83. Steinmuller N, Demma L, Bender JB, et al. Outbreaks of enteric disease associated 
with animal contact: not just a foodborne problem anymore. Clin Infect Dis 
2006;43:1596-1602. 

84. CDC. Turtle-associated salmonellosis in humans --- United States, 2006---2007. 
MMWR2007;56:649-52. 

 



 
 
 

215 

 
 
 
 

REFERENCES – Continued 
 
 
 

85. CDC. Healthy pets healthy people: diseases from cats. Available at 
http://www.cdc.gov/healthypets/animals/cats.htm. 

86. CDC. Healthy pets healthy people: diseases from dogs. Available at 
http://www.cdc.gov/healthypets/animals/dogs.htm. 

87. CDC. Healthy pets healthy people: diseases from fish and amphibians. Available at 
http://www.cdc.gov/healthypets/animals/aquarium.htm. 

88. CDC. Healthy pets healthy people: diseases from pocket pets. Available at 
http://www.cdc.gov/healthypets/animals/pocket_pets.htm. 

89. Foldy SL. Linking better surveillance to better outcomes. In: Syndromic 
surveillance: reports from a national conference, 2003. MMWR 2004;53(Suppl):12-
17. 

90. Suyama J, Sztajnkrycer M, Lindsell C, et al. Surveillance of infectious disease 
occurrences in the community: an analysis of symptom presentation in the 
emergency department. Acad Emerg Med 2003; 10:753-63. 

91. Reingold A. If syndromic surveillance is the answer, what is the question? 
Biosecurity and Bioterrorism: Biodefense Strategy, Practice, and Science 2003;1:77-
81. 

92. Cochrane DG. Perspective of an emergency physician group as a data provider for 
syndromic surveillance. In: Syndromic surveillance: reports from a national 
conference, 2003. MMWR 2004;53(Suppl):209-14. 

93. Mandl KD, Reis B, Cassa C. Measuring outbreak-detection performance by using 
controlled feature set simulations. In: Syndromic surveillance: reports from a 
national conference, 2003. MMWR 2004;53(Suppl):130-36. 



 
 
 

216 

 
 
 
 

REFERENCES – Continued 
 
 
 

94. Buckeridge DL, Burkom H, Moore A, et al. Evaluation of syndromic surveillance 
systems – design of an epidemic simulation model. In: Syndromic surveillance: 
reports from a national conference, 2003. MMWR 2004;53(Suppl):137-43. 

95. Kulldorff M, Zhang Z, Hartman J, et al. Benchmark data and power calculations for 
evaluating disease outbreak detection methods. In: Syndromic surveillance: reports 
from a national conference, 2003. MMWR 2004;53(Suppl):144-51. 

96. Kleinman DP, Abrams A, Mandl K, Platt R. Simulation for assessing statistical 
methods of biologic terrorism surveillance. In: Syndromic surveillance: reports from 
a national conference, 2003. MMWR 2004;53(Suppl):101-08. 

97. Buckeridge DL, Switzer P, Owens D, et al. An evaluation model for syndromic 
surveillance: assessing the performance of a temporal algorithm. In: Syndromic 
surveillance: reports from a national conference, 2003. MMWR 2004;53(Suppl):109-
15. 

98. Zhu Y, Wang W, Arrubin D, Wu Y. Initial evaluation of the Early Aberration 
Reporting System – Florida. In: Syndromic surveillance: reports from a national 
conference, 2003. MMWR 2004;53(Suppl):123-30. 

99. Thompson MW. A framework for evaluating temporal alerting algorithms used in 
syndromic surveillance systems. Advances in Disease Surveillance 2007;2:214. 

100. Lombardo J, Copeland J, Cutchis P. Synthesizing the American Health Information 
Community’s Minimum Data Set. Advances in Disease Surveillance 2007;4:10. 

101. Goodall CR, Halasz S, Allegra JR, Cochrane D. A system for simulation: 
introducing outbreaks into time series data. Advances in Disease Surveillance 
2007;2:199. 

 



 
 
 

217 

 
 
 
 

REFERENCES – Continued 
 
 
 

102. Grannis S, Egg J, Cassa CA, et al. Evaluating the performance of a spatial scan 
statistic using simulated outbreak characteristics. Advances in Disease Surveillance 
2007;2:200. 

103. Xing J, Huttwagner L, Rolka H. Simulation of correlated outbreak signals for Early 
Aberration Reporting. Advances in Disease Surveillance 2007;4:271. 

104. Dembek ZF, Carley K, Siniscalchi A, Hadler J. Hospital admissions syndromic 
surveillance – Connecticut, September 2001-November 2003. In: Syndromic 
surveillance: reports from a national conference, 2003. MMWR 2004;53(Suppl):50-
5. 

105. Terry W, Ostrowshy B, Huang A. Should we be worried? Investigation of signals 
generated by an electronic syndromic surveillance system – Westchester County, 
New York. In: Syndromic surveillance: reports from a national conference, 2003. 
MMWR 2004;53(Suppl):190-5. 

106. Siegrist D, Pavlin J. Bio-ALIRT biosurveillance detection algorithm evaluation. In: 
Syndromic surveillance: reports from a national conference, 2003. MMWR 
2004;53(Suppl):152-8. 

107. Burkom HS, Elbert Y, Feldman A, Lin J. Role of data aggregation in biosurveilance 
detection strategies with applications from ESSENCE. In: Syndromic surveillance: 
reports from a national conference, 2003. MMWR 2004;53(Suppl):67-73. 

108. Yih Wk, Abrams A, Danila R, et al. Ambulatory-care diagnoses as potential 
indicators of outbreaks of gastrointestinal illness – Minnesota. In: Syndromic 
surveillance: reports from a national conference, 2004. MMWR 2005;54(Suppl):157-
62. 

109. Heymann D, ed. Control of communicable diseases manual. 18th ed. Washington, 
DC: American Public Health Association; 2004. 



 
 
 

218 

 
 
 
 

REFERENCES – Continued 
 
 
 

110. Lewis MD, Pavlin JA, Mansfield JL, et al. Disease outbreak detection system using 
syndromic data in the Greater Washington DC area. Am J Prev Med 2002;23:180-6. 

111. Marx MA, Rodriguez CV, Greenko J, et al. Diarrheal illness detected through 
syndromic surveillance after a massive power outage: New York City, August 2003. 
Am J Public Health 2006;96:547-53. 

112. CDC. Preliminary FoodNet data on the incidence of infection with pathogens 
transmitted commonly through food – selected sites, United States, 2003. MMWR 
2004;53:338-43. 

113. Metzger KB, Hajat A, Crawford M, Mostashari F. How many illnesses does one 
emergency department visit represent? Using a population-based telephone survey to 
estimate the syndromic multiplier. In: Syndromic surveillance: reports from a 
national conference, 2003. MMWR 2004;53(Suppl):106-11. 

 


