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ABSTRACT

Objectives: The objectives of this thesis were to: 1) develop and validate a coding algorithm to
identify true cases of neonatal bacterial sepsis, and 2) apply the algorithm to calculate incidence

rates and estimate temporal trends of neonatal bacterial sepsis.

Methods: For Objective 1, the reference cohorts were assembled among neonates born in 2012-
2017 using patient-level health care encounter data. Any neonates who met both the Diagnostic

Criterion [ (microbiological confirmation) and Criterion II (sepsis-related antibiotic

administration) were included in the true-positive cohort. Potential coding algorithms were
developed based on different combinations of ICD-10-CA codes on the hospitalization discharge
abstract. For Objective 2, the coding algorithm with the most optimal characteristics was applied
to provincial data to calculate incidence rates in Ontario during 2003-2017. Recent temporal trends

were estimated by Poisson regression analysis.

Results: In Objective 1, since all true-positive cases identified were born at preterm gestation, the
study population in Objective 2 was limited to preterm infants. The final coding algorithm selected
had sensitivity of 75.3% (95% CI, 66.8%-83.7%), specificity of 98.2% (95% CI, 97.8%-98.6%)
and PPV of 50.0% (95% CI, 42.1%-58.0%). Using this algorithm, the annual incidence declined
over time from 50.2 (95% CI, 45.4-55.4) per 1000 preterm infants in 2003 to 27.5 (95% CI, 20.4-
36.9) per 1000 preterm infants in 2017. The trend over time was statistically significant with P-
value <0.0001. Significant variation in bacterial sepsis incidence rates was noted across infant sex

and gestational age.

Conclusion: The coding algorithm developed in this study could not accurately identify neonates

with bacterial sepsis from within health administrative database using the data available to us now.

v



For the purpose of demonstrating the application of the algorithm, we carried out Objective 2;
however, it is important to cautiously interpret the provincial rates given the the poor performance
of the case-finding algorithm. Future research is required to improve the case-finding algorithm

for use in health administrative databases for neonatal bacterial sepsis research and surveillance.
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CHAPTER 1: INTRODUCTION

1.1 Overview

As a major contributor globally to morbidity and mortality, sepsis has been listed as a key health-
care priority for the coming decade by the World Health Organization (WHO). (1) Peak sepsis
incidence occurs in neonates and young children. A recent meta-analysis of population-based study
estimated a pooled incidence of neonatal sepsis of 22.0 (95% CI 11.0-43.6) per 1000 live births
based on data from eight studies originating from six countries (two high-income countries and
four middle-income countries) between 1979 and 2016. (2) Neonatal sepsis (i.e., sepsis occurring
within the first 28 days of life) can be due to infection with bacterial, viral or fungal pathogens,

with bacteria being the predominant cause. (3)

Routinely-collected health administrative data are potentially an appealing source of information
for population-based surveillance and research of neonatal sepsis, as the data are readily available,
population based, reasonably inexpensive to use and include diagnostic codes assigned in different
health care settings (i.e., hospitalizations, emergency departments and physician’s offices). (4-7)
However, the secondary use of diagnosis codes from health administrative data requires careful
validation of case-finding algorithms against gold-standard method. (8) Studies have been
performed utilizing administrative data to assess the validity of case definitions of sepsis. (9-12)
Based on our searching results for publications between 1992 and 2018, most validation of sepsis
studies focused on adult patients (aged > 18 years) and no publications were conducted specifically
for validation of algorithms for identifying neonatal sepsis. There were some common issues in
most existing validation of sepsis studies. For example, no consensus currently exists regarding
which ICD-9 or ICD-10 codes should be applied to define sepsis in health administrative databases.

(9, 13) Reported sensitivity and specificity differed considerably across validation studies of sepsis

1



because of the scope of ICD codes, varied definitions of reference standards and methods for
developing the coding algorithms. (14) Additionally, sepsis was largely under-coded in
administrative data using ICD-9 or ICD-10 coded case definitions, thus under-ascertaining the true
incidence of sepsis. (13) Hence, there is a need for validating a case-finding algorithm to support

research on neonatal bacterial sepsis identified using health administrative data.

1.2 Study Objectives

This was a population-based retrospective validation study of neonates with bacterial sepsis in

Ontario, Canada. The specific objectives of this study were to:

(1) Develop and validate case-finding algorithms to accurately identify cases of bacterial sepsis in

neonates in Ottawa using data from the Ottawa Hospital Data Warehouse (OHDW));

(2) Apply the validated case-finding algorithm to the infant population of Ontario to calculate
incidence rates, and estimate temporal trends of neonatal bacterial sepsis by Poisson regression

models.



CHAPTER 2: LITERATURE REVIEW

2.1 Clinical Features of Neonatal Sepsis

Sepsis is a syndrome involving physiologic, pathologic, and biochemical abnormalities induced
by infection. (15) Neonatal sepsis (i.e., sepsis occurring within the first 28 days of life) can be the
result of infections with bacterial, viral or fungal (mostly yeast) microorganisms, with bacteria
being the predominant cause. (16) In one large case series of septic preterm infants, rates of
infections by Gram-negative organisms (55%) were higher than those due to gram-positive

organisms (38%), fungal pathogens (5%) and other unclassified organisms (2%). (17)

Depending on the timing of onset of the infection, neonatal sepsis is classified as either early-onset
sepsis or late-onset sepsis. Clinical manifestations of early-onset sepsis appear within the first 72
hours of life, and usually represent vertical mother-to-infant transmission just prior to, or during
vaginal delivery. (18) Typical risk factors of early-onset sepsis include low gestational age (< 32
weeks of pregnancy), low birth weight (<1500 grams), chorioamnionitis, premature rupture of the
membranes more than 18 hours and Group B streptococci (GBS) colonization. (19) Cases of late-
onset sepsis presents clinical manifestation of infection after 72 hours of life, and are attributed to
organisms acquired from interaction with the hospital environment or the community. (20) Similar
to early-onset sepsis, the rate of late-onset sepsis is inversely proportional to gestational age and

birth weight. (19)

In cases of early-onset sepsis, normally the flora of the maternal birth canal is the causative agent.
Escherichia coli (E coli) is the most commonly identified etiologic agent causing neonatal sepsis,
followed by GBS and more rarely, Staphylococcus aureus or Listeria. (19, 21, 22) Late-onset
sepsis is also associated with GBS, E coli, other Gram-negative aerobes, or Listeria

monocytogenes infection. (16) Further, there is a known burden of late-onset sepsis caused by

3



Gram-negative organisms in resource-poor areas of the worlds. (23) Viral infections such as herpes
simplex virus and enteroviruses are more frequently associated with late-onset sepsis compared to
early-onset sepsis. (24) Fungi, notably yeast, have also been implicated in neonatal sepsis, and are

usually acquired during prolonged hospital stay of preterm neonates. (16)

2.2 Epidemiology of Neonatal Sepsis

Neonatal sepsis has become one of the most frequent causes of death. (1) In 2015, infectious
diseases accounted for more than 50% of all deaths in neonates and among these, neonatal sepsis
was one of the most frequent causes of death, responsible for an estimate 401,000 neonatal deaths
per year. (1, 25) In 2010, 7.6 million children (< 5 years old) died worldwide and neonatal deaths
accounted for 40% of the total lives lost, predominantly because of infections including sepsis.
(26) In developed countries, four out of every ten infants with sepsis die or experience major
disability, including significant permanent neurodevelopmental impairment, in spite of major
advances in neonatal care and increasing research. (27) In a retrospective hospital discharge
database study in Canada, the incidence of sepsis among children (aged 0-17 years) ranged from
0.13 to 0.15 per 1000 person-years between 2004 and 2008. Among those patients with any

diagnosis of sepsis, 56.3% were neonates. (28)

Among all age groups, preterm infants experience the highest incidence and mortality of sepsis.
(29, 30) It has been estimated that sepsis in prematurely born neonates is up to 1000-fold more
common compared with term infants, and is associated with higher rates of mortality and life-long

neurodevelopmental impacts. (31-33)



According to a systematic review published in 2018, the estimated global burden of neonatal sepsis
is 3.0 million cases annually. (2) Wide variation exists in estimates of neonatal sepsis burden
between countries of different income levels. (16) Across all age groups, the financial burden due
to sepsis in the United States (US) has been estimated at more than $24 billion, representing 6.2%
of US total hospital costs in 2013. In Europe and Canada, the daily costs of hospital care of a septic
patient were estimated to be between $645 and $939 (in US dollars) in 2000. (1) In low- and
middle-income countries, the epidemiological burden of sepsis is likely to be much higher, though

there is a lack of available data.

2.3 Case Definition of Neonatal Sepsis

Although a case definition is paramount for assessing the epidemiology and impact of any disease
(34), prior to 1991, there was a lack of consensus in terms of the clinical criteria used to define
sepsis and related conditions. In 1992, the American College of Chest Physicians/ Society of
Critical Care Medicine (ACCP/SCCM) Consensus Conference used the term systemic
inflammatory response syndrome (SIRS) to describe neonatal sepsis. (35) Recognizing limitations
with the existing definitions at that time, the 2001 International Sepsis Definitions Conference
tried to improve the definitions by expanding the list of signs and symptoms of sepsis to reflect
clinical bedside experience; however, no new definitions for sepsis were introduced. (36) In 2015,
an international consensus recommended that sepsis should be defined as “life-threatening organ

dysfunction caused by a dysregulated host response to infection”. (15)



Compared with other age groups, neonates (newborn infants up to and including 28 days after
birth) have limited natural immunity due to immature immune systems and, therefore, have
distinctive responses to infections. (19) In 2015, the Global Alignment of Immunization Safety
Assessment in Pregnancy group, part of the Brighton Collaboration, proposed a standardized
definition of neonatal infections, which included neonatal bacteremia and sepsis (of early or late
onset), meningitis, pneumonia and other respiratory infections. (37) Three levels of diagnostic
certainty have been proposed, as shown in Table 2.3-1. The microbiological confirmation of
infection is included in level 1 of Brighton Collaboration Case Definition, which historically
constitutes the “gold standard” for the presence of neonatal sepsis. (37) Laboratory-confirmed
neonatal sepsis is diagnosed by isolating the causative agent from a normally sterile body site (i.e.,
blood, CSF, urine, pleural, joint and peritoneal fluids). (38) Recent studies found common
laboratory tests may have limited diagnostic accuracy for neonatal sepsis and some sepsis
evaluations prompted by concerning clinical signs are associated with negative blood culture
results. (39-42) Therefore, microbiological confirmation is usually combined with clinical criteria
to make sure the accurate diagnosis of sepsis. (15, 34, 37) For example, the number of clinical
criteria was chosen included in level 2 of Brighton Collaboration Case Definition. (37) It is
common for infants with evidence of infection (e.g. temperature, WBC count, tachycardia) and

organ dysfunction to receive course of antibiotics regardless of culture results. (43)



Table 2.3-1. Brighton Collaboration Case Definition for the diagnosis of neonatal invasive

blood stream infections: bacterial/fungal/viral (reproduced from Vergnano et al.,2016) (37)

Level 1

Level 2

Level 3

Recognized pathogen *
identified using a
validated method and
from a normally sterile
site ®.

If an organism normally
considered non-
pathogenic is isolated
from blood cultures
Level 1 requires its
identification from at
least 2 blood cultures
taken from two
different sites, or at 2
different times, PLUS 1
of the criteria as per
level 2 of evidence.

Not meeting Level 1 of evidence
AND

3 or more criteria:

* Temperature =37.5 °C or <35.5 °C
* Tachycardia or new or more frequent
episodes of bradycardia

* New or more frequent episodes of
apnea or increased oxygen
requirement or increased requirement
for ventilatory support

* Lethargy or moving only when
stimulated or hypotonia or irritability
* Difficulty in feeding or abdominal
distention

* Pallor or poor perfusion or
hypotension

* Abnormal White Cell Count or I/'T
ratio > 0.2

* Abnormal platelet count

* Increased inflammatory markers
(CRP, procalcitonin)

* Metabolic acidosis as defined by a
base excess (BE)

Not meeting Level 1 or
2 of evidence

AND

2 or more of the
following criteria:

* Temperature
2375°Cor<355°C
* Tachypnea or severe
chest indrawing or
grunting or cyanosis

* Change in level of
activity

* History of feeding
difficulty

* History of convulsions

a. See list of pathogens and non-pathogens in Appendix 1.
b. Sterile site: blood, sterile urine (catheter urine or supra-pubic aspirate), pleural fluid, ascitic
fluid, broncho-alveolar lavage, bone biopsy, synovial fluid.

2.4 Administrative Data and Disease Surveillance for Neonatal Sepsis

2.4.1 Health Administrative Data

Health administrative databases are computer data files created when a health-care transaction

occurs, that are generally for the purposes of health care management, payment and monitoring



functions. (44) These databases have become valuable sources of information for disease
surveillance, since they are often collected routinely, cover wide geographic areas, and have a
relatively complete capture of all patient encounters with the health care system; however, they do
not have as detailed clinical information as some other data resources (e.g., electronic clinical

charts, laboratory records). (45)

In Ontario, a repository of Ontario’s health administrative databases is maintained at ICES, which
includes administrative data for over 13 million people covered by the Ontario Health Insurance
Plan (OHIP). Most health care records extend back to 1991. Health records are linkable across
databases via a unique identification number (ICES Key Number [IKN]), which is an encrypted
identifier based on the Ontario health card number. Each database is comprised of individual data
files for each beneficiary including hospital separations (inpatient records), physician billings (in-
and out-patient physician services), and urgent health care visits to an emergency room. These
databases typically contain detailed clinical and demographic data, including the use of

standardized diagnostic codes to characterize the reasons for the health care encounter.

2.4.2 Defining Neonatal Sepsis in Health Administrative Data

The main diagnostic coding system used for medical record abstraction in health administrative
databases in Canada is the International Classification of Diseases (ICD). While the ICD was
originally developed to codify and compare mortality statistics and causes of death, but over time,
it has expanded to include codes for virtually all diseases as well as codes for specific signs,

symptoms, pathogens, and external causes of injury or diseases. (46) When a patient is admitted



to hospital and treated for one or more medical problems, the medical diagnoses and treatment
procedures pertinent to the admission are documented by hospital staff in the patient’s medical
chart. After the patient is discharged, the chart is transferred to a health records department, where
trained coders go through the clinical notes and assign ICD-10 diagnostic codes and procedural

codes based on the information documented in the chart.

Canada adopted the International Classification of Diseases and Related Health Problems, Tenth
Revision (ICD-10) in 2001, using an enhanced version (ICD-10-CA), developed by the Canadian
Institute for Health Information (CIHI). There is a total of 12,420 codes in ICD-10 compared to
6,969 in the previous version, ICD-9, intended to allow for more precise and comprehensive

capture of clinical information, and facilitate improved international comparability. (47)

2.4.3 Validity of Health Administrative Data

There is increasing interest among epidemiologists and policymakers in the use of health
administrative data to identify patients with sepsis. (49, 50) However, it is important to assess the
validity of case ascertainment using health administrative data given that these data are collected
for the purpose of managing and evaluating the healthcare system, not specifically for disease

surveillance or research purposes. (8)

Studies have been performed utilizing administrative data to assess the validity of case definitions
of sepsis utilizing administrative data. The main bibliographic databases (MEDLINE, Embase,
Pubmed, CINAHL, Psycinfo, Scopus and web of science) were searched for sepsis validation

publications between 1992 and 2018. The full search strategy use to identify studies for this



literature review is provided in Appendix 5. Studies were identified that compared the accuracy of
ICD-9 or ICD-10 codes for sepsis to a reference standard using administrative data and reported
any diagnostic accuracy measures (i.e., sensitivity, specificity, positive predictive value or
negative predictive value). We identified 12 articles, most of which focused on adult patients (aged
> 18 years). (9, 13, 51, 52) A few of the identified validation studies just specified the study
population as all patients without specifying the age distribution (53-55). None of above 12
publications through the above searching strategy were conducted specifically for validation of

algorithms for identifying neonatal sepsis.

There were some common issues in most existing validation of sepsis studies. First, no consensus
currently exists regarding which ICD-9 or ICD-10 codes should be applied to define sepsis in
health administrative databases. (9, 13) According to a systematic review which examined the
validity of published ICD-coded case definitions in administrative data from 1992-2014, a total of
38 sepsis case definitions were tested, which included over 130 different ICD codes. (13) For
instance, Gaieski et al examined four different methods by using different ICD-9 codes to capture
cases of severe sepsis and identified up to a 3.5-fold variation in incidence across four ICD-coded
case definitions applied to the health administrative databases. (56) Second, reported sensitivity
and specificity differed considerably across validation studies of sepsis because of the scope of
ICD codes, varied definitions of reference standards and methods for developing the coding
algorithms. (14) For example, reported sensitivities in validation studies for sepsis coding within
administrative databases have ranged from 5.9% to 82.3% and positive predictive value (PPV)
ranged from 5.6% to 100%, with a median of 50%. (51, 52, 54, 57-59) Third, it was reported that
sepsis was largely under-ascertained in administrative data using ICD-9 or ICD-10 coded case

definitions, thus under-ascertaining the true incidence of sepsis. (13) For example, a population
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based study in Denmark from 2010 to 2011 suggested that using ICD-10 discharge diagnosis to
identify cases may result in an up to 7-fold underestimation of the incidence of traditional severe
sepsis compared to medical record review. (60) Last, most previous studies did not test algorithms
against clinical data from medical chart review, and thus they could be more accurately referred

to as database agreement studies, rather than true clinical chart review validation studies. (2, 13)

In view of the limitations on existing validation studies, the need for developing and validating an
enhanced algorithm using health administrative data is urgent, to increase the accuracy of case
capture for a diagnosis of neonatal sepsis to allow for population-based surveillance and research

on neonatal sepsis.
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CHAPTER 3: METHODS

3.1 Overview of Study Design

The initial sections of this Chapter (Sections 3.1 and 3.2) provide information that is relevant to

both Objectives 1 and 2. Objective-specific methods are provided in subsequent sections.

Objective 1 was to develop and validate coding algorithms based on The Ottawa Hospital Data

Warehouse (OHDW) databases and Objective 2 was to apply the prefered coding algorithm

identified to population-based health administrative databases in ICES to calculate incidence rates

of neonatal bacterial sepsis and estimate temporal trends of neonatal bacterial sepsis in Ontario.

Table 3.1-1. Overview of Study Design for Objectives 1 and 2.

Chart Review

Define the study population in Objective 1 using the OHDW databases.

Identify the true-positive reference cohort by meeting diagnostic
criteria I (microbiological confirmation) and II (prolonged sepsis-
related antibiotic administration).

Identify the true-negative reference cohort by representing all infants
in the study population who do not meet the diagnostic criteria for the

Objective true-positive cohort.
1
Examine the ability of ICD-10-CA codes to identify true-positive
cases, as well as coding practices in true-negative reference cohorts to
Algorithm develop and refine coding algorithms for identification of neonatal
Derivation bacterial sepsis.
and
Evaluation Select the best coding algorithm by comparing sensitivity, specificity,
positive predictive value, negative predictive value, positive likelihood
ratio and c-statistic across tested algorithms.
Define the study population in Objective 2 using the ICES databases.
Objective | Algorithm Apply the selecteq chmg algprlthm to calculate incidence rates within
C . the study population in Ontario;
2 Application

Apply Poisson regression models to estimate temporal trends of
neonatal bacterial sepsis in Ontario.
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3.2 Ethics and Privacy Statements

This study was approved by the Research Ethics Board (REB) of the Ottawa Health Sciences
Network (OHSN) and the Children’s Hospital of Eastern Ontario (CHEO), as well as by the ICES
Privacy Officer. The datasets from this study are held securely at the Ottawa Hospital (TOH) and
ICES. All administrative data were de-identified prior to analysis and linked using encrypted
unique identifiers. To protect privacy, cell sizes fewer than six individuals were suppressed and

reported as n<o6.

3.3 Objective 1: Develop and Validate Coding Algorithms
3.3.1 Overview

Figure 3.1-1 demonstrates the steps taken in order to accomplish the Objective 1 to identify cases

of neonatal bacterial sepsis and develop coding algorithms.
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Figure 3.3-1. Flow diagram of algorithm development for Objective 1.
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3.3.2 Data Sources

To conduct this validation study and identify neonatal bacterial sepsis, the OHDW databases

housed in the secure network environment at TOH were used. TOH includes three campuses, two

of which provide obstetrical and neonatal care (the General and Civic sites). The OHDW is a
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relational database containing information from multiple TOH information systems, including data
relating to hospital admissions, outpatient visits, emergency department visits, day care visits and
procedures for all patients seen at TOH. In addition, the OHDW contains a clinical data repository
of laboratory results, radiology and pathology reports, and pharmacy data for all patients seen after

April 1, 2002. The following OHDW data tables were used in this study:

= Encounter Table: This contains patient-level clinical encounter information, including
patient demographics (at the time of the encounter), inpatient and outpatient details, and
discharge disposition.

= Health Record Abstract Table: This table describes general abstract information, which
captures administrative, clinical and demographic information on hospital discharges
(including deaths, sign-outs and transfers).

= Diagnoses Table: This contains patient-level diagnostic information including diagnosis
codes. The diagnosis coding practice was changed from ICD-9-CA to ICD-10-CA in 2002,
prior to our derivation time frame.

= Pharmacy Service Table: This contains pharmacy information for drugs received during
health care encounters. It includes the start and end date/time of administration, route and
frequency of administration, service status (i.e. discontinued, cancelled), brand
name/ingredient for intravenous (IV) and drug dispensation location (i.e. pharmacy, ward
stock).

= Pharmacy Service Ingredient Table: This describes drug ingredient information, including
drug identification number (DIN), order description, dose unit and amount and therapeutic

category (e.g., local anesthetics, anti-viral, antibiotic).
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= Laboratory Service Table: This describes laboratory services received during health care
encounters, including type of service (e.g., blood/urine culture, PCR), date/time of service,
lab description, lab result, abnormal code and location of service (e.g. Civic campus,

General campus), exam reports, and microbiology test results.

3.3.3 Study Population and Creation of True-Positive and True-Negative Reference

Cohorts

The study population included all neonates (< 28 days) born at TOH with date of birth between
April 1, 2012 to March 31, 2017. Since the OHDW in TOH was a fully electronic health record
database, a data extraction algorithm was programmed in SAS to extract the electronic data into a
dataset where each record could be reviewed and a determination made with respect to case status.
Any record for health care received at TOH for neonates was examined. We identified true-positive
and true-negative reference cohorts within the study population to support the development and
validation of coding algorithms. Cases of neonatal sepsis diagnosed at TOH within 28 days
following birth were used as the true-positive reference cohort in our study. We used several
database search strategies to ensure that we captured all of cases of potential neonatal bacterial

sepsis in TOH during the study period.

In this study, we had microbiology test results including pathogenic and non-pathogenic bacteria
from culture samples, which enabled the identification of neonates meeting Level 1 of the Brighton
Collaboration Case Definition. However, a small fraction of cases with microbiological
confirmation is known to be false positives due to contamination of sample collection and culture

media. It is common for infants with evidence of infection and organ dysfunction to receive a
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course of antibiotics regardless of culture results. Therefore, we combined microbiological
confirmation with a practical approach (sepsis-related antibiotic administration) as the diagnosis
criteria based on expert clinical guidance (DM Pediatric Intensivist) to improve accuracy of
diagnosis. Therefore, any neonates who met both the Diagnostic Criterion I (microbiological
confirmation) and Criterion II (prolonged sepsis-related antibiotic administration) were included
in the true positive reference cohort. Since free text clinical notes were not available in the
electronic chart review and prolonged sepsis-related antibiotic administration alone didn’t contain
sufficient information, we were not able to evaluate Level 2 of Brighton Collaboration Case
Definition. A more extensive clinical chart review following up from our study is underway by
using sepsis-related antibiotic administration as a screening tool to evaluate Level 2 of Brighton

Collaboration Case Definition.

To evaluate Diagnostic Criterion I, we checked microbiology test results from the patient data by
comparing them with the list of recognized pathogens and non-pathogens in the Level 1 of
Brighton Collaboration Case Definition (Table 2.3-1), including identification of pathogenic and
non-pathogenic bacteria from culture samples. If either of the following criteria was satisfied, this

patient met the Diagnostic Criterion I :

e Recognized pathogenic bacteria (Appendix 1) were identified from a normally sterile site
(blood, sterile urine, pleural fluid, ascitic fluid, broncho-alveolar lavage, bone biopsy,
synovial fluid).

e Non-pathogenic bacteria (Appendix 2) were identified from two blood cultures taken at

different time periods.
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To evaluate Diagnostic Criterion II, we identified patients with sepsis-related antibiotic

administration and computed their treatment duration.

e All therapeutic categories used by the study population (Appendix 3) were listed based on
the American Hospital Formulary Service (AHFS) Pharmacologic-Therapeutic
Classification system. We only included therapeutic categories of antibiotic prescriptions
related to treatment of bacterial sepsis. Any neonates who received antibiotics that were
unrelated to treatment of bacterial sepsis were not included in the true-positive reference
cohorts.

e The duration of antibiotic treatment was calculated for all neonates who received antibiotic
prescriptions related to treatment of bacterial sepsis. If a particular treatment period was
equal to or greater than seven days, we classified the neonate as having met the Diagnostic

Criterion II for the true positive reference cohort.

The true-negative reference cohort was defined as all infants in the study population who did not

meet both Criterion I and II of the diagnostic requirements for the true-positive cohort.

In the sensitivity analyses, we assessed a true-negative cohort that excluded neonates who only
met Criterion [ (i.e., with microbiological confirmation, but no prolonged sepsis-related
antibiotic administration) as well as those who only met Criterion II (i.e., with prolonged sepsis-
related antibiotic administration, but no microbiological confirmation) to determine these cases’

impact on potential coding algorithms.

For this study, we also reported characteristics of the true-positive and true-negative reference
cohorts, including: infant sex, gestational age (weeks), birth weight (grams) and hospital length of

stay (days). Preterm birth was subdivided on the basis of gestational age according to the World
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Health Organization (WHO) definition (61): extremely preterm (<28 weeks); very preterm (28-31

weeks); moderate or late preterm (32-36 completed weeks of gestation).

3.3.4 Algorithm Development

Once the study population was classified as true-positive and true-negative cohorts on the basis of
diagnostic criteria I and II in the OHDW database, the development of coding algorithms

proceeded in two steps.

First, we explored the related sepsis ICD-10-CA codes on the hospital abstracts that were
frequently documented in correctly classified, false-negative and false-positive cases. The specific
neonatal (P360, P361, P362, P363, P364, P365, P368, P369) and adult (A021, A227, A267, A327,
A400, A401, A402, A403, A408, A409, A410, A411, A412, A413, A414, A4150, A4151, A4152,
A4158, A4180, A4188, A419, A427, A5486,B377, 085002, 085004, O85009) sepsis codes were
shown in Appendix 4. Besides neonatal and adult sepsis codes, we also explored other sepsis-
related codes, which could also have potentially been commonly used codes on false negative
records. These codes were then examined to determine which codes might indicate bacterial sepsis
and could be included in the new definition based on clinical knowledge of the resulting diagnosis.
All these codes identified were added sequentially to develop Coding algorithms 1-4. The best

coding algorithm was chosen for the next step based on the performance.

Second, the impact of individual codes was explored based on inspection of the number of false
positive and true positive contributed by each. The ratios of the false positive to true positives were
used to prioritize codes and determined which code was removed from the coding algorithm which

was determined from the last step to produce new coding algorithms.
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3.3.5 Statistical Analysis

All potential coding algorithms were evaluated using the true-positive and true-negative reference
standard groups in the study cohort for their ability to correctly classify neonates with and without
bacterial sepsis. Measures of diagnostic accuracy for those algorithms were calculated, including
sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), positive
likelihood ratio, and c-statistic. Details of the how these measures were computed are illustrated
in Table 3.3-1. Exact binomial 95% confidence intervals (CIs) were calculated for estimated
proportions for sensitivity, specificity, PPV, NPV and positive likelihood ratio. The c-statistic,
which is analogous to the area under the receiver operating characteristic curve, was computed for
each coding algorithm to provide a measure of an algorithm’s ability to correctly classify bacterial
sepsis cases vs. non-cases. The c-statistic values were calculated by using “proc logistic” in SAS,
with true case status as the outcome and algorithm case status as the predictor. The c-statistic can
range from 0.5 to 1.0, with higher values indicating better discriminating algorithms. When an
algorithm has no ability to discriminate, the expected value of c-statistic is 0.5. A c-statistic much
smaller than 0.5 is evidence of an algorithm model that can discriminate but is improperly
parameterized (higher predictions are associated with fewer cases). (62) Based on the performance
characteristics of each algorithm, we set a threshold of minimum acceptable sensitivity of 70%,
and then selected the algorithm with the maximum PPV given minimally acceptable sensitivity
was achieved. The algorithm with the best performance using the above criteria was selected for

use completing Objective 2.
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Table 3.3-1. Measures of diagnostic accuracy for all potential coding algorithms.

Coding Gold Reference Standard *
. b
Algorithm Condition Present Condition Absent
Sepsis coded True Positive (TP) False Positive (FP) PPV=TP/(TP+FP)
Sggzzis not False Negative (FN) True Negative (TN) NPV=TN/(FN+TN)

Sensitivity=TP/(TP+FN) | Specificity=TN/(FP+TN)

Positive likelihood
ratio = sensitivity /
(1-specificity)

? Determined on the basis of clinical information on the medical charts.

® Determined on the basis of ICD-10-CA codes.
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3.4 Objective 2: Application of the Algorithm in the Ontario-wide population using ICES

data to Estimate Incidence Rates and Trends in Neonatal Bacterial Sepsis
3.4.1 Introduction

The aim of this objective was to apply the optimal validated case-finding algorithm developed in
Objective 1 in order to estimate population-based incidence rates of neonatal bacterial sepsis in
Ontario. For the purpose of demonstrating the application of the algorithm developed in Objective
1, we have carried out this objective, with the caveat that it is important to cautiously interpret the

results generated in this objective given the poor performance of the case-finding algorithm.

3.4.2 Study Population and Data Sources

The study population in Objective 2 included all preterm neonates with date of birth between April
1, 2003 to February 28, 2017 in Ontario. Since Canada adopted the ICD-10 coding system in 2001
and the transition from ICD-9 to ICD-10 was completed in 2003, it was reasonable to apply the
algorithm in the data beginning in 2003. We used databases housed in the secure network

environment at ICES.

= MOMBABY Database. As an ICES-derived database, the MOMBABY Database has the
inpatient hospital admission records of delivering mothers and their newborns. It includes
all inpatient admission records from the Discharge Abstract Database (DAD) for mothers
and their newborns delivered from fiscal year 2002/03 onward. Each record in the
MOMBABY Database contains the unique encrypted health card number of the mother
and baby, as well as a reduced set of clinical variables. Since midwifery home births

comprise <2% of all Ontario births and most obstetrical deliveries in the province of
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Ontario take place in hospital (63), we were able to use this database to capture the vast
majority of population of infants born in the province during our study period.

= Discharge Abstract Database (DAD). The DAD database captures administrative,
clinical, and demographic information for hospital discharges (inpatient acute, chronic,
rehabilitation) and day surgeries. Specifically, the key variables include diagnosis codes,
admission/discharge dates, type of admission, discharge disposition, demographic data (e.g.
gender, postal code etc.). Up to 25 clinical diagnoses identified with ICD-10-CA codes are
available on each record. (64) The DAD was linked to MOMBABY database to provide
the diagnosis codes of hospitalization for newborns.

= National Ambulatory Care Reporting System (NACRS). The NACRS database captures
information on patient visits to all hospital- and community-based ambulatory care
facilities. Data about visits are collected at the time of service in participating facilities.
The major variables include patient identifiers, emergency department visits, day surgery,
and outpatient clinic visits, demographic information, diagnostic codes and procedure
codes for the services that were provided during the patient’s visit. The NACRS database
was linked to the MOMBABY database to provide the diagnosis codes of emergency

department visits for newborns.

3.4.3 Incidence Rates of Neonatal Bacterial Sepsis

For the purpose of demonstrating the application of the algorithm, we computed incidence rates
for neonatal bacterial sepsis as the number of new sepsis cases identified by our coding algorithm

5, divided by the number of preterm neonates at risk in Ontario in a defined period of time (April
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1, 2003 to February 28, 2017). The preferred ICD-10-CA coding algorithm determined in
Objective 1 was applied to identify the cases of neonatal bacterial sepsis within the health
administrative databases (MOMBABY, DAD and NACRS databases). The incidence rates were
calculated per 1000 live births. Incidence rates of bacterial sepsis were calculated overall in the
whole study population, and also in subgroups of infant sex and degree of prematurity: extremely
preterm (<28 weeks), very preterm (28-31 weeks) and moderate to late preterm (32-36 weeks) in
each year. Incidence rates were also calculated by gestational age (weeks). Meanwhile, assuming
the sensitivity and specificity of the algorithm remains consistent in the applied settings and time
period, the estimated incidence rate could be adjusted based on the following equation, according

to the information from the literature. (65) But, it is not generally advisable to do this in practice.

_T+p -1

p_a+ﬁ—1

p: adjusted incidence rate; t: estimated incidence rate; a: sensitivity; f: specificity.

3.4.4 Poisson Regression Analysis

The Poisson regression model has been widely used for modeling counts and rates of disease. (66)
In this study, we used Poisson regression to estimate temporal trends of neonatal bacterial sepsis
in Ontario by year of birth, infant sex, gestational age (weeks), as well as categories of preterm

birth.
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3.4.4.1 Assumption Assessment and Correction for Overdispersion

Before analysis, we assessed whether the assumptions of the Poisson model were met in our data.
In Poisson regression, the dependent (Y) variable is an observed count that follows the Poisson

distribution, the probability of y events with the formula

e~Huy
y!

Pr(Y = ylp) = (F = 0,1,2 ) oo [1]

The Poisson distribution has the property that the sum of independent Poisson random variables is

also Poisson. Specifically, if Y| and Y, are independent with ¥; ~ P(u;) fori=1, 2 then
Y1 + YZ ~ P(ﬂl + ,U.z) ..................................................................................... [2]

The key implication of equation [2] is that individual and grouped data can both be analyzed with
equivalent results. (67) According to the properties of the Poisson distribution, Poisson regression
models should satisfy the assumptions that the responses y; must follow the Poisson distribution,
including the requirement that the expected value of the mean should be equal to the variance. (68)
In other words, the variance of the response variable approximates the mean of the response
variable; i.e., V(E (Y)) = QE(Y), where @ is referred to as the dispersion parameter. The
dispersion parameter is considered as the variation unaccounted for by the fitted model. If @>1,

then the model is considered to be overdispersed, which means the variance is larger than the mean.

In this study, the response variable y; was the counts of cases of neonatal bacterial sepsis in each
year during the study period. We assessed the model assumption by exploring the mean-variance
relationship to test whether the distribution of sepsis cases (y;) followed a Poisson random process
in our data. Since the consequence of such overdispersion is that standard errors are incorrectly

estimated (69), we planned to take measures if there was evidence of any excess variation. There
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are several options for addressing overdispersion, one of which is to correct the standard errors of
the estimates. (70) More specifically, dispersion parameter @ is estimated as the ratio of the
deviance to the degrees of freedom (Value/DF) by using scaled Pearson Chi-Square criteria to
accommodate the excess variation. The ratio of the Value/DF should be approximate one, whereas
large ratio values indicate an over-dispersed response variable. The goodness of fit was assessed

for the model before and after applying this correction.

3.4.4.2 Model Building

Poisson regression models are generalized linear models with the logarithm as the (canonical) link

function, that is g(u;) = log(u;) = n; . (71) Hence, the Poisson regression model is expressed as

Log(;) = 10G(E;) 4 B X B0 e [3]

Where £ is a vector of regression coefficients, [3, is the model intercept, X; is a vector of covariates

for subject I, and log(t;) is the natural logarithm of the denominator, referred to as an offset.

In this study, Poisson regression was applied to estimate temporal trends of neonatal bacterial
sepsis in Ontario by year of birth, infant sex, gestational age (weeks) and categories of preterm
birth. The vector of covariates in equation [3] could be expressed as year of birth, infant sex,
gestational age (weeks) and category of preterm birth specifically in our model. To be more exact,

the Poisson regression models in this study would be:

log[E(Y)] = By + Xi=1BiYear; +10g(births).........coooooiiiiiiiiiiiiiiii [4]

log[E(Y)] = By + X7=1 BiYear; + B Sex; + log(births)...............oooiieiiiii [5]
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log[E(Y)] = By + X7-1 BiYear; + Br(gestational age); +

JOZ(DITERS) .o e e e [6]

log[E(Y)] = By + X7-1 BiYear; + By (category of preterm birth); +

JOZ(DITERS) . oo e e e [6]

The reference groups were set “year of birth” as 2016, “infant sex” as female, “gestational age” as
36 weeks, “category of preterm birth” as moderate to late preterm (32-36 weeks) group. Where Y
denote the number of newly initiated bacterial sepsis cases in each year, log(births) was an offset
for the number of preterm births at risk in each year in Ontario, S, is the regression coefficient
estimated from the models when covariates were set as 0, f5; is the regression coefficient for the
effect of year of birth, f, is the regression coefficient for the effect of infant sex, 8 is the
regression coefficient for the effect of gestational age, f is the regression coefficient for the effect
of category of preterm birth. Model parameters were estimated by using the method of maximum
likelihood estimation. Temporal trends in incidence rate were estimated by the multivariable
Poisson regression model across the study period. 95% confidence intervals (CI) and p-values for
relative incidences were reported, with intervals excluding 1 and P-values of <0.05 considered to

be evidence supporting statistically significant effects.
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CHAPTER 4: RESULTS
4.1 Objective 1: Develop and Validate Coding Algorithms
4.1.1 Defining Reference Cohorts

First, to meet Diagnostic Criterion I (as described in Section 3.3.2), we reviewed microbiology
test results for all neonates and flagged both pathogenic and non-pathogenic bacteria identified in

the Brighton Case Definition (Table 4.1-1).

Table 4.1-1. Recognized pathogens and non-pathogens identified in the study cohort.

Recognized pathogens (Bacteria)

Acinetobacter baumannii Klebsiellapneumonia
Bacillus cereus Morganellamorganii
Citrobacter freundii Pseudomonas aeruginosa
Enterococcus faecalis Serratia marcescens
Enterobacter acrogenes Staphylococcus aureus
Enterobacter cloacae (Methicillin-sensitive and -
Escherichia coli resistant MSSA or MRSA)
Haemophilusinfluenzae

Streptococcus agalactiae or
Klebsiellaoxytoca group B streptococcus

Non-pathogenic organism (Bacteria)

Coagulase-negative
staphylococci (Coagulase- Streptococcus oralis
negative Staphylococcus)

Streptococcus mitis Streptococcus salivarius

Next, we screened all antibiotic administration based on AHFS Pharmacologic-Therapeutic
Classification System (Appendix 3) and identified prolonged (> 7 days) bacterial sepsis-related
antibiotic administration, which is part of the Diagnostic Criterion II (as described in Section
3.3.2). Table 4.1-2 lists therapeutic categories for bacterial sepsis-related antibiotic administration
used in this study cohort.
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Table 4.1-2. Therapeutic categories for bacterial sepsis-related antibiotic administration.

Code Therapeutic Category*
081202 Aminoglycosides
081206 Cephalosporins
081207 Misc.Beta-Lactam antibiotics
081212 Erythromycins
081216 Penicillins
081220 Sulfonamides (systemic)
081228 Misc. antibiotics
083600 Urinary anti-infectives

* Based on AHFS Pharmacologic-
Therapeutic Classification system.

On the basis of the Diagnostic Criteria I and II, we identified the true-positive and true-negative

reference cohorts. There were 129 cases who met the Diagnostic Criterion [ and 314 cases who
met the Diagnostic Criterion II. Among them, 101 cases met both diagnostic criteria. Table 4.1-3
shows the characteristics of the true-positive and true-negative reference cohorts by sex,
gestational age (weeks), birth weight (grams) and hospital length of stay (days). Overall, there
were a total of 31609 neonates born between April 1,2012-March 31, 2017 in the full study cohorts.
Ofthese, 101 (0.3%) neonates were classified as having sepsis (true-positive reference cohort) and
31508 (99.7%) were classified as not having sepsis (true-negative reference cohort). Of the
neonates diagnosed as having sepsis included in the study, 52.5 % were male. There was different
mean birth weight 0f2342.6 (95% CI, 2211.2 - 2474.0) between the true-positive and true-negative
cohorts (true positive: 941.4 grams; true negative: 3284.0 grams). Infants in the true-positive
reference cohort had a median length of hospital stay of 46 days (interquartile range, 28-84), while
those in the true-negative reference cohort had a median length of hospital stay of 2 days
(interquartile range, 1-3). All neonates with bacterial sepsis in this study cohort were born at

preterm gestation. In the true-negative reference cohort, 13.2% of neonates were preterm. The
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average gestational age was 26.1 weeks for the true-positive cohort and 38.4 weeks for the true-
negative cohort. The majority of bacterial sepsis cases (75.3%) were in the extremely preterm

category (<28 weeks).

Table 4.1-3. Characteristics of the true-positive and true-negative reference cohort in the full

study population.
True-positive .
L Reference Cohort R;Z::;tzgégzﬁr )
Characteristics (Neonatal sepsis)
n % n Y%
All Neonates 101 0.30 31508 99.7
Sex
Female 48 47.5 15288 48.5
Male 53 52.5 16220 51.5
Gestational Age (weeks)
Mean + SD 26.1 (2.62) 38.4 (2.70)
<28 weeks 76 75.3 280 0.90
28-36 weeks 25 24.7 3927 12.4
> 37 weeks 0 0 27295 86.6
Missing 0 0 6 0.02
Birth Weight (grams)
Mean + SD 941.4 (398.8) 3284.0 (673.5)
Hospital Length of Stay
(days)
Median (interquartile range) 46 (28,84) 2(1,3)

4.1.2 Algorithm Development

The development of coding algorithms was based on two steps. Considering that 100% of cases in
the true-positive cohort (Table 4.1-3) were preterm births, we decided to add preterm gestation to
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our true positive and true negative reference cohort definitions, and all coding algorithms we

developed and tested using only preterm births.

First, through the process of exploring the ICD-10-CA codes on the hospital abstracts, the results
show in addition to the neonatal and adult sepsis codes, the codes B962, B9681, A499 and P393
were identified, which might assist with the identification of neonatal bacterial sepsis (Table 4.1-
4). The B962 and B9681 organism codes were frequently recorded and relate to E. coli and
Enterococcus, both of which are pathogens associated with bacterial sepsis. The code A499,
indicating bacterial infection, was frequently coded in association with sepsis as well. The code
P393 indicates neonatal urinary tract infection. Urinary tract infection can be considered bacteruria
irrespective of the site of infection in the urinary tract, which is very common in neonatal sepsis.
(72) Therefore, these additional codes identified were added to the pre-specified ICD-10 codes to
develop first four coding algorithms. The performance of these four coding algorithms was tested
against the true positive and negative reference cohorts (Table 4.1-7). Coding algorithm 4, which

had the best performance, relative to algorithms 1 through 3, was selected for the next step.
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Table 4.1-4. Additional ICD-10-CA codes frequently recorded and related to sepsis.

ICD-10-CA Nomenclature

1 B962 Escherichia coli [E. coli] as the cause of diseases classified to other chapters
2 B9681 Enterococcus as the cause of diseases classified to other chapters

3 A499 Bacterial infection, unspecified

4 P393 Neonatal urinary tract infection

Next, the impact of individual ICD-10-CA codes was explored based on the ratios of false positive

to true positive cases by looking at incremental effects of codes added individually (Table 4.1-5).

Table 4.1-5. Incremental effects of ICD-10-CA codes on ratios of false positive cases to true

positive cases.

Ratio of Ratio of
IC-10-CA Codes FP/TP IC-10-CA Codes FP/TP
Neonatal sepsis codes
P360 3.5 P364 1.3
P361 2.0 P365 0.0
P362 1.3 P368 1.4
P363 1.1 P369 55
Add adult sepsis codes
A410 0.0
A411 0.5 A021, A227, A267, A327,
A4150 N/A A400, A401, A402, A403,
A408, A409, A412, A413,
A4151 0.0 A414, A4152, A4188, N/A
A4158 0.0 A427, A5486, B377,
A4180 0.0 085002, 085004, 085009
A419 2.0
Add B962, B9681, A499 Add P393
A499 0.5 P393 1.5
B962 04
B9681 0.1
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Based on the ratios of the false positive to true positives, six new coding algorithms (Coding
algorithm 5 to 10) were produced. Table 4.1-6 shows the ICD-10-CA codes of ten potential coding

algorithms.

Table 4.1-6. Coding algorithms used to identify neonatal bacterial sepsis based on ICD-10-CA

codes.

Coding Algorithm (ICD-10-CA)

Neonatal Sepsis Codes™

Neonatal Sepsis Codes or Adult Sepsis Codes®

Neonatal Sepsis Codes or Adult Sepsis Codes or A499, B962, B9681

Neonatal Sepsis Codes or Adult Sepsis Codes or A499, B962, B9681 or P393

All codes from Coding Algorithm 4, excluding P369

All codes from Coding Algorithm 4, excluding P369, p360

All codes from Coding Algorithm 4, excluding P369, p361

All codes from Coding Algorithm 4, excluding P369, p360, p361

O [0 (A [N n | |WIN |—

All codes from Coding Algorithm 4, excluding P369, p360, p361, A419

—
(e

All codes from Coding Algorithm 4, excluding P369, p360, p361, A419, P393

Neonatal sepsis codes*: P360, P361, P362, P363, P364, P365, P368, P369;

Adult sepsis codes®™: A021, A227, A267, A327, A400, A401, A402, A403, A408, A409, A410,
A411, A412, A413, A414, A4150, A4151, A4152, A4158, A4180, A4188, A419, A427, A5486,
B377, 085002, 085004, O85009
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4.1.3 Algorithm Evaluation

We assessed the performance characteristics of all potential coding algorithms against TOH
reference cohorts among preterm births. The characteristics (sensitivity, specificity, PPV, NPV,
positive likelihood ratio and c-statistic) of all coding algorithms for identifying neonatal bacterial

sepsis are presented in Table 4.1-6.

From Coding Algorithm 1 to 4, ICD-10-CA codes were progressively added from neonatal sepsis
codes to more sepsis-related ICD-10-CA codes and we inspected of the number of false positive
and true positive contributed by each. The sensitivity was increased from 44.6% (95% CI, 34.9%
- 54.3%) in Algorithm 1 to 78.2% (95% CI, 70.2% - 86.3%) in Algorithm 4. The PPV was
increased from 36.6% (95% CI,28.1% - 45.1%) in Algorithm 1 to 45.1% (95% CI,37.4% - 52.7%)
in Algorithm 3, and then decreased to 44.6% (95% CI, 37.3% - 52.0%) in Algorithm 4. The
specificity for these four algorithms ranged from 98.2% to 97.7%. Across Coding Algorithm 5
through 10, we progressively removed specific ICD-10-CA codes to evaluate the impact on
performance. Among these six algorithms, the specificity, PPV and NPV values changed very little.
Although Algorithm 10 had a slightly higher PPV of 53.3%, it came at the expense of an 11
percentage point drop in the sensitivity. Weighing the performance of these six algorithms against
one another, Algorithm 5 was selected as being the one that resulted in the highest sensitivity of
75.3% (95% CI, 66.8% - 83.7%), while maintaining satisfactory specificity (98.2%; 95% CI, 97.8%
- 98.6%) and a high NPV (99.4%; 95% CI, 99.2 - 99.6). The PPV was low (50.0%; 95% CI,42.1%
- 58.0%), indicating that only half of preterm infants who had a sepsis-related ICD-10 on their
hospital abstract actually had sepsis according to their medical chart information. Although the
PPV was low at 50%, none of the algorithms performed well on this metric, so Coding Algorithm

5 was the preferred algorithm for the purpose of demonstrating the application of the algorithm
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developed in Objective 1, selected from a group of poorly performing algorithms. Given the poor

performance of the algorithm, we have cautiously interpreted the results.
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Table 4.1-7. Characteristics of all potential coding algorithms.

Coding | TP | FN | FP | TN | Sensitivity ngc(igf;ﬁ/ioty PPV% | NPVY | OMNE ¢
algorithm | (n) | (n) | (n) m) | % (95% CI) ) (95% CI) (95% CI) Ratio tic
1 45 | 56 | 78 | 4129 (34‘49%'564,3) (97,978.’928_6) (28.316-465.1) (98.93%'979.0) (16.214-.31.9) 071
2 56 | 45 | 84 | 4123 (45.585-655.1) (97.962%.908.4) (31.49(2'4?8.1) (98.96%'999.2) (19.277-385.9) 077
3 73] 28 | 89 | 4118 (63.762-}331 0) (97.957-998.3) (37i15-'512.7) (99.919-939.6) (25.354{422.8) 085
s e a9 | B sy | 670 | (995907) | (5215 | 088
5 76 | 25 | 76 | 4131 (66.785-}333.7) (972&8-.928.6) (42:51(2'508.0) (99.929-;9.6) (30%61-.572.7) 0.87
6 74 | 27 | 70 | 4137 (64763_331_9) (98,908.58,7) (43:521-'54‘9.6) (99.919-;9.6) (31%;-.26.2) 086
7 75 | 26 | 74 | 4133 (65.774{}332.8) (97%8.’928,6) (42:53(2"35;8.4) (99.919-;9.6) (30%92-.523.6) 086
8 73 | 28 | 68 | 4139 (63762_331_0) (98,908_’948,8) (43.551-50.0) (99.919-939.6) <32%14-.577.3) 08>
9 71 | 30 | 66 | 4141 (61;(3'739_2) (98,918.’948,8) (43.551-50.2) (99.9()9-939.5) (31%;-.57.7) 084
10| 65| 36 | 57 | 4150 (55.604{'743,7) (98,938.’979,0) (44.54322.1) (98.999-919.4) (32%67-.652.4) 082

4.1.4 Sensitivity Analyses of Potential Coding Algorithms

In our definition (as described in Section 3.3.3), the true-negative reference cohort represented all
neonates in the study population who did not meet the requirement for the true-positive cohort.
Given our approach, the true-negative cohort would have contained some neonates meeting
alternative definitions of bacteria sepsis: (1) neonates with microbiological confirmation who did

not receive a prolonged (= 7 days) course of sepsis-related antibiotic; and (2) neonates who
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received a prolonged (> 7 days) course of sepsis-related antibiotic but without microbiological
confirmation. The potential contribution of these cases to the performance of the different coding
algorithms was considered. Table 4.1-8 summarizes the numbers of two categories in the false

positives and true negatives.

Table 4.1-8. The components of the false positives and true negatives related to diagnostic

criteria.
False Positive (FP, n) True Negative (TN, n)

Coding | Meet Criterion | Meet neither Meet Criterion | Meet neither
Algorithm I onlyor II Crlter.10n. ! Sum ° I onlyor II Crlter.lon. ! Sum ¢

only * nor Cﬁltberlon only * nor (ﬁltberlon
1 54 24 78 155 3974 4129
2 60 24 84 149 3974 4123
3 63 26 89 146 3972 4118
4 70 28 98 139 3970 4109
5 60 16 76 149 3982 4131
6 58 12 70 151 3986 4137
7 60 14 74 149 3984 4133
8 58 10 68 151 3988 4139
9 56 10 66 153 3988 4141
10 49 8 57 160 3990 4150

a: Refers to neonates who met Criterion I only or Criterion II only (but not both).
Criterion [ refers to microbiological confirmation.
Criterion II refers to a prolonged (> 7 days) course of sepsis-related antibiotic.
b: Refers to neonates who met neither Criterion I nor Criterion II.
d: This is the total number of false positives shown in the Table 4.1-7.

e: This is the total number of true negatives shown in the Table 4.1-7.

To evaluate the extent to which performance of the coding algorithms were affected by the
inclusion of neonates who might have met clinical criteria of sepsis (level 2 of Brighton
Collaboration Case Definition, Table 2.3-1), we removed these cases meeting Criterion [ only

or II only from the true-negative cohort and performed the sensitivity analyses. More specifically,
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we only kept category of neonates who met neither Criterion I nor Criterion II and excluded

neonates who met either Criterion I or Criterion II (but not both) in the true negative cohort to

reevaluate the performance of all previous coding algorithms.

As shown in Table 4.1-9, PPV values ranged from 65.2% (95% CI, 54.0% - 76.5%; Coding
Algorithm 1) to 89.0% (95% CI, 81.9% - 96.2%; Coding Algorithm 10), while sensitivity remained
unchanged compared with our original analyses (Table 4.1-7). For Coding Algorithm 5, the PPV
was improved to be 82.6% (95% CI, 74.9% - 90.4%) while maintaining a sensitivity of 75.3% (95%
CI, 66.8% - 83.7%).

Table 4.1-9. Sensitivity analyses of coding algorithms after changing the definition of the true-

negative cohort (excluding infants who met Criterion 1 only and met Criterion II only).

Coding | TP | FN | FP | TN | Sensitivity S{;fc(igf;ﬁ/ioty PPV % NPV % | i‘éiggg 1| t;is
algorithm | (n) | (n) | (n) (n) | % (95% CI) ) (95% CI) (95% CI) Ratio tic
! 45136 | 24 ] 3974 (34.49%'564.3) (99.929;9.6) (54%5-526.5) (98.93%59 0) (387:-.12 100) | %72
2 36 1 45 | 24| 3974 (45.585-'655.1) (99.929;9.6) (6013%?0.0) (98.96%.999.2) (49.972-‘;l 350y | 077
3 73|28 263972 (63.762-}331 0) (99.919;9.6) (65.713-%;72.4) (99.919—59.6) (631.;—1 i158.5) 0.86
4 79| 22| 2813970 (70.72%}326.3) (99.9()9—59.6) (65753—882.2) (99.929-959.7) (661.;—1 i757.1) 0.89
> 76|25 | 161 3982 (66.785-}333.7) (99.9419-969.8) (74.2392-560.4) (99.919-;9.6) (8712?2.(2)%8.1) 0.87
6 74127 ) 120 3986 (64.763-}331 9) (99.959-979.9) (78.876—.913 4) (99.919—59.6) (942.?3'193.6) 0.87
7 75|26 ) 14 3984 (65.77%'832.8) (99.959-979.8) (76.874{.93 1.8) (99.919-;9.6) (912.23'1325) 0.87
8 73| 28 ) 10 3988 (63.762-}331 0) (99.969-59.9) (81 .%8-;)5 0) (99.919—59.6) (952.2?4(3);2.3) 0.86
? 71301 10| 3988 (61.74({'739.2) (99.969-59.9) (80.857-.974.8) (99.909-59.5) (922.2}4.1169.5) 0.85
10 6536 | 8 | 399 (55.60‘{'743.7) (99.979-59.9) (81 .899—;)6.2) (98.9559-919.4) (8()3;}5.663.0) 0.82
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4.2 Objective 2: Application of the Algorithm in the Ontario-wide population using ICES

data to Estimate Incidence Rates and Trends in Neonatal Bacterial Sepsis
4.2.1 Study Population and Incidence Rates of Neonatal Bacterial Sepsis

The study population in Objective 2 included 1,858,169 infants born in Ontario with date of birth
between April 1, 2003 to February 28, 2017. Of those, 150,312 (8.09%) were born at preterm
gestation (<37 weeks). Since in Objective 1, all cases in the true-positive reference cohort were
born at preterm gestation and we developed the algorithms among preterm births only, the study
population in Objective 2 focused on neonates born at preterm gestation. The preferred coding

algorithm identified in Objective 1 was applied in Objective 2 (i.e., Coding Algorithm 5).

Table 4.2-1 shows the characteristics of the study population in Objective 2 by sex, gestational
age (weeks) and birth weight (grams). According to the preferred coding algorithm selected for
this application, there were 6126 (4.10%) bacterial sepsis cases and 144186 (95.9%) non-sepsis
cases among a total of 150,312 preterm infants, which produced an overall estimated incidence
rate 0f 40.8 (95% CI, 39.8-41.8) per 1000 preterm live births in neonates born at preterm gestation
in Ontario during the study period. To account for the poor performance of the case-finding
algorithm, we computed an adjusted incidence rate based on the data inputs from Objective 1
(sensitivity: 75.3%; specificity: 98.2%) and Objective 2 (estimated incidence rate: 40.8 per 1000

preterm live births), which was found to be 31.0 per 1000 preterm live births.
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Table 4.2-1. Characteristics of the study population in Objective 2.

L Sepsis Non-Sepsis
Characteristics
n % n %

All Neonates 6126 4.10 144186 95.9
Sex

Female 2541 41.5 66320 46.0

Male 3585 58.5 77866 54.0

Gestational Age (weeks)

Mean (SD) 29.7 (3.88) 34.0 (3.02)
<28 weeks 2164 353 7532 5.2
28-31 weeks 1793 29.3 11524 8.0
32-36 weeks 2169 354 125130 86.8

Birth Weight (grams)
Mean (SD) | 1480.0 (738.0) | 2346.7(699.5)

Of the neonates identified by the algorithm as having bacterial sepsis, 3585 (58.5%) were male
infants. The average gestational age was 29.7 weeks for bacterial sepsis cases and 34.0 weeks for
non-sepsis cases. More specifically, 35.3% of sepsis cases were in the extremely preterm category
(<28 weeks), and 29.3%, 35.4% were in the very preterm (28-31 weeks) and moderate or late
preterm (32-36 weeks) categories respectively. The majority of non-sepsis cases (86.8%) were in
the moderate or late preterm (32-36 weeks) category. The average birth weight of bacterial sepsis

cases was 1480.0 grams while that of non-sepsis cases was 2346.7 grams.

4.2.2 Incidence Rates and Trends of Neonatal Bacterial Sepsis by Year of Birth

Incidence rates of neonatal bacterial sepsis were calculated by year of birth among the study
population in Ontario during the study period. The estimated annual incidence rate decreased from

50.2 (95% CI, 45.4-55.4) per 1000 preterm live births in 2003 to 27.5 (95% CI, 20.4-36.9) per
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1000 preterm live births in 2017. The difference of incidence rates between 2013 and 2017 was

22.7 (95% CI, 20.2-25.2) per 1000 preterm live births.

Table 4.2-2. Annual incidence rates of neonatal bacterial sepsis.

Year of Birth Incidence Rate (per 1000 preterm live

births, 95% CI)
2003 50.2 (45.4-55.4)
2004 42.1 (38.4-46.2)
2005 47.9 (43.9-52.3)
2006 45.5 (41.7-49.7)
2007 42.7 (39.1-46.7)
2008 47.8 (43.9-52.0)
2009 45.2 (41.5-49.3)
2010 43.8 (40.1-47.9)
2011 40.2 (36.6-44.2)
2012 36.4 (33.0-40.1)
2013 32.9 (29.7-36.6)
2014 34.6 (31.2-38.4)
2015 31.1 (27.9-34.7)
2016 33.5(30.2-37.2)
2017 27.5(20.4-36.9)

The Poisson regression model was applied to estimate temporal trends of neonatal bacterial sepsis.
We assessed the model assumptions by exploring the mean-variance relationship. The Value/DF
of the scaled Pearson Chi-Square was 1.6862, which, providing evidence that the variance (model
estimate=79.84) was not equal to the mean (model estimate=30.69). Therefore, there was evidence
to suggest that the mean-variance assumption of the Poisson model was not met in our study. To

address this, one of the recommended remedies for overdispersion was used, in which the variance
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of the model was adjusted by dividing it by 1.6862, also known as the scale parameter, to correct

the error term for all tests and confidence intervals.

Figure 4.2-1 presents the trends in estimated annual incidence rates (per 1000 preterm live births)
of neonatal bacterial sepsis by year of birth by showing predicted Poisson values of incidence rates
with 95% confidence interval band. According to the line graph, there was a downward trend in
incidence rates of neonatal bacterial sepsis in neonates born at preterm gestational age between
2003 and 2017 in Ontario. The trend by year of birth was statistically significant with P-value

<0.0001.

Figure 4.2-1. Trends in incidence rates of neonatal bacterial sepsis in Ontario based on the

Poisson model.
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4.2.3 Incidence Rates and Trends of Neonatal Bacterial Sepsis Based on Infant Sex

Incidence rates of neonatal bacterial sepsis were calculated by infant sex among the study
population in Ontario in the 15 years spanning from 2003 through 2017 (Table 4.2-3). During the
whole study period, the incidence rate for female infants was 36.9 (95% CI, 35.5-38.3) per 1000
preterm live births, while that of male infants was 44.0 (95% CI, 35.5-38.3) per 1000 preterm live

births.

Table 4.2-3. Sepsis cases and incidence rates by infant sex during 2003 and 2017.

Infant Number of Incidence rate per
Sex incident Total | 1000 preterm live
cases births (95% CI)
Female 2541 68861 36.9 (35.5-38.3)
Male 3585 81451 44.0 (42.6-45.4)

Incidence rates of neonatal bacterial sepsis were calculated by sex in each year among the study
population. As shown in Table 4.2-4, the incidence rate of 45.5 (95% CI, 40.1-51.6) per 1000
preterm live births in 2003 for female infants declined to 24.9 (95% CI, 17.4-35.6) per 1000
preterm live births in 2017. The difference of incidence rates between 2003 and 2017 for female
infants was 20.6 (95% CI, 17.0-24.2) per 1000 preterm live births. Among male infants, the
incidence rate of 54.4 (95% CI, 48.0-61.5) per 1000 preterm live births in 2003 decreased to 29.7
(95% CI, 20.8-42.4) per 1000 preterm live births in 2017. The difference of incidence rates

between 2003 and 2017 for male infants was 24.7 (95% CI, 21.2-28.2) per 1000 preterm live births.
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Table 4.2-4. Annual incidence rates of neonatal bacterial sepsis by infant sex.

Incidence Rate (per 1000 preterm live births,
Year of Birth 95% CI)
Female Male
2003 45.5 (40.1-51.6) 54.4 (48.0-61.5)
2004 38.1 (33.8-42.8) 45.5 (40.5-51.0)
2005 43.3 (38.8-48.4) 51.8 (46.5-57.7)
2006 41.2 (36.9-46.1) 49.2 (44.2-54.9)
2007 38.7 (34.5-43.3) 46.2 (41.4-51.6)
2008 43.2 (38.8-48.1) 51.6 (46.5-57.3)
2009 41.0 (36.7-45.7) 48.9 (43.9-54.5)
2010 39.7 (35.4-44.5) 474 (42.5-53.0)
2011 36.4 (32.3-40.9) 43.4 (38.7-48.8)
2012 329 (29.1-37.2) 39.3 (34.8-44.3)
2013 29.8 (26.1-34.0) 35.6 (31.3-40.5)
2014 31.3 (27.5-35.6) 37.4 (33.0-42.5)
2015 28.2 (24.6-32.3) 33.6 (29.4-38.5)
2016 30.2 (26.5-34.4) 36.1 (31.8-41.0)
2017 249 (17.4-35.6) 29.7 (20.8-42.4)

The Poisson regression model was used to estimate temporal trends of neonatal bacterial sepsis by
infant sex in each year (Figure 4.2-2). Between 2003 and 2017 there were steady decreases in
incidence rates both for both male and female infants. The trends for each were statistically
significant with P-value < 0.0001. The incidence rates in the male infants were higher than in the
female infants during the whole period. Based on the estimate of the fitted Poisson regression
model, the relative incidence was calculated to be 1.22 (95% CI, 1.14-1.31), indicating that, on
average, male infants had a 22% higher incidence of neonatal bacterial sepsis than female infants

across the study period.
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Figure 4.2-2. Trends in incidence rates of neonatal bacterial sepsis by infant sex based on the

Poisson model.
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4.2.4 Incidence Rates and Trends of Neonatal Bacterial Sepsis Based on Gestational Age

We evaluated incidence rates of neonatal bacterial sepsis according to gestational age at birth
among the study population in Ontario in the 15 years spanning from 2003 through 2017. Table
4.2-5 shows the number of sepsis cases and incidence rates within three categories of preterm birth.
The extremely preterm group (<28 weeks) had the highest incidence of neonatal bacterial sepsis,
233.2 (95% CI, 214.9-231.6) per 1000 preterm live births, which was approximately 13.7 times
that in the moderate to late preterm group (32-36 weeks) with 17.0 (95% CI, 16.3-17.7) per 1000
preterm live births. The incidence rate in the very preterm group (28-31 weeks) was 134.6 (95%

CI, 128.8-140.4) per 1000 preterm live births.
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Table 4.2-5. Sepsis cases and incidence rates by categories of preterm birth between 2003 and

2017.
Number of nconatal sepais per
Preterm Group incident Total PSIS P
cases 1000 preterm live
births (95% CI)
Extremely preterm (<28 weeks) 2164 9696 233.2(214.9-231.6)
Very Preterm (28-31 weeks) 1793 13317 134.6 (128.8-140.4)
Moderate to late preterm (32-36 2169 127299 17.0 (16.3-17.7)
weeks)

Annual incidence rates of neonatal bacterial sepsis were calculated by categories of preterm birth
among the study population. As shown in Table 4.2-6, the incidence rate of 258.1 (95% CI, 223.6-
297.8) per 1000 preterm live births in 2003 for the extremely preterm group (<28 weeks) was
declined to 140.5 (95% CI, 93.9-210.1) per 1000 preterm live births in 2017. The difference of
incidence rates between 2003 and 2017 was 117.6 (95% CI, 42.5-192.7) per 1000 preterm live
births. For the very preterm category (28-31 weeks), the incidence rate of 155.0 (95% CI, 134.1-
179.2) per preterm 1000 live births in 2003 was dropped to 84.4 (95% CI, 56.3-126.4) per 1000
preterm live births in 2017. The difference of incidence rates in 15 years was 70.6 (95% CI, 12.9-
128.3) per 1000 preterm live births. In the moderate-to-late preterm group (32-36 weeks), the
incidence rate of 19.7 (95% CI, 17.1-22.8) per 1000 preterm live births in 2003 was dropped to
10.7 (95% CI, 7.2-16.1) per 1000 preterm live births in 2017. The difference of incidence rates

was 9.0 (95% CI, 7.03-10.9) per 1000 preterm live births.
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Table 4.2-6. Annual incidence rates of neonatal bacterial sepsis by categories of preterm birth.

Incidence Rate (per 1000 preterm live births, 95% CI)

Year of Extremely Moderate to late
: Very Preterm
Birth reterm reterm
P (28-31 weeks) P

(<28 weeks) (32-36 weeks)
2003 258.1(223.6-297.8) | 155.0 (134.1-179.2) | 19.7 (17.1-22.8)
2004 231.6 (202.5-264.9) | 139.1 (121.3-159.6) | 17.7 (15.5-20.2)
2005 252.9(222.8-287.0) | 151.9 (133.5-172.8) | 19.3(17.0-21.9)
2006 251.4 (221.2-285.6) | 151.0 (132.7-171.9) | 19.2 (16.9-21.8)
2007 234.4 (205.9-266.9) | 140.8 (123.3-160.8) | 17.9 (15.7-20.4)
2008 266.3 (235.5-301.0) | 160.0 (141.2-181.2) | 20.3 (18.0-23.0)
2009 249.7 (220.1-283.3) | 150.0 (131.8-170.6) | 19.1 (16.8-21.6)
2010 238.8 (209.8-271.9) | 143.5(125.7-163.7) | 18.2 (16.0-20.8)
2011 223.5(195.4-255.8) | 1343 (117.0-154.1) | 17.1 (14.9-19.5)
2012 197.2 (171.5-226.9) | 118.5(102.7-136.6) | 15.1 (13.1-17.3)
2013 180.7 (155.7-209.6) | 108.5(93.3-126.2) | 13.8 (11.9-16.0)
2014 187.9 (162.4-217.5) | 112.9(97.3-131.0) | 14.4 (12.4-16.6)
2015 180.6 (154.6-210.9) | 108.5(92.7-126.9) | 13.8 (11.8-16.1)
2016 187.6 (161.8-217.5) | 112.7 (97.0-131.0) | 14.3 (12.4-16.6)

2017 140.5 (93.9-210.1) 84.4 (56.3-126.4) 10.7 (7.2-16.1)

Based on the Poisson regression model, temporal trends of neonatal bacterial sepsis were estimated
by categories of gestational age in each year (Figure 4.2-3). We can observe three trend lines with
95% confidence interval bands for three preterm categories. There was a decrease in incidence
rates in the 15 years spanning from 2003 through 2017 for the three groups. The trends over time
were statistically significant with P-value < 0.0001 for each of the preterm groups. The relative
incidence of the extremely preterm (<28 weeks) versus that of moderate to late preterm (32-36

weeks) group was calculated to be 13.1 (95% CI, 12.1-14.2), indicating that, on average, infants
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born in gestation age of <28 weeks had a 12.1 times higher incidence of neonatal bacterial sepsis
than infants born in gestation age of 32-36 weeks across the study period. Additionally, the relative
incidence of the very preterm (28-31 weeks) group versus that of moderate to late preterm (32-36
weeks) group was calculated to be 7.87 (95% CI, 7.53-8.56), indicating that, on average, infants
born in gestation age of 28-31 weeks had a 6.87 times higher incidence of neonatal bacterial sepsis
than infants born in gestation age of 32-36 weeks. Therefore, the annual decrease was more
pronounced for the extremely preterm (<28 weeks) and very preterm (28-31 weeks) categories,

which was consistent with previous calculation of difference in incidence rates in 15 years.

Figure 4.2-3. Trends in incidence rates of neonatal bacterial sepsis by categories of preterm

birth based on the Poisson model.
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Incidence rates of neonatal bacterial sepsis were also calculated based on gestational age (weeks).
Table 4.2-7 shows there is an increase of incidence rates from gestational age of 24 weeks (342.1,
95% CI, 311.6-375.7 per 1000 preterm live births) to 25 weeks (356.8, 95% CI, 327.5-388.8 per
1000 preterm live births). From 25 weeks onwards, incidence rates were steadily declined,

reaching 8.44 (95% CI, 7.74-9.21) per 1000 preterm live births at gestational age of 36 weeks.

Table 4.2-7. Incidence rates of neonatal bacterial sepsis by gestational age (weeks).

Gestational Age | Incidence Rate (per 1000 preterm

(weeks) live births, 95% CI)
24 342.1 (311.6-375.7)
25 356.8 (327.5-388.8)
26 313.0 (287.3-341.0)
27 286.8 (263.8-311.8)
28 202.4 (184.6-221.9)
29 172.7 (157.7-189.0)
30 124.9 (113.9-137.0)
31 88.2 (80.2-97.1)
32 52.2 (47.2-57.8)
33 38.4 (34.9-42.3)
34 23.5(21.4-25.8)
35 14.4 (13.1-15.8)
36 8.44 (7.74-9.21)

e The infants below 24 weeks’ gestation had few numbers of cases and were not included
in trend analysis.

Figure 4.2-4, based on estimates from a Poisson regression model, shows temporal trends of
neonatal bacterial sepsis from gestational age of 24 weeks to 36 weeks. It can be seen that there is
a decreasing trend of incidence rates from a gestational age of 25 weeks. From the Poisson model,

the trend of incidence rates by gestational age was statistically significant with P-value < 0.0001.
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Figure 4.2-4. Trends in incidence rates of neonatal bacterial sepsis by gestational age based

on the Poisson model.
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CHAPTER 5: DISCUSSION
5.1 Objective 1: Develop and Validate Coding Algorithms

This study evaluated the feasibility of an ICD-10-CA based case-coding algorithm to identify
neonatal bacterial sepsis in health administrative databases. The true-positive and true-negative
reference cohorts were identified in the study population from electronic medical chart data,
including patient-level information on microbiology test results and pharmacological treatment.
We identified the ICD-10-CA codes that optimized the performance of the coding algorithms

among infants born at preterm gestation.

In our TOH reference cohort, we identified 101 true positive sepsis cases from 2012 to 2017. All
babies in the true-positive group in the reference cohort were preterm. It was likely related to the
fact that we were only able to capture sepsis diagnoses at TOH and would have missed any
neonates born at TOH who were initially discharged home with no diagnosis of sepsis recorded,
but developed sepsis later during the neonatal period. These infants would have presented for care
at CHEO, and therefore, would have been considered as part of the true negative reference cohort
in our study since the CHEO chart data were not available to our study. Infants discharged home
in the first 28 days of life are more likely to be term infants. In addition, currently in the city of
Ottawa, there are 3 hospitals that provide Level 3 (TOH - General Campus and CHEO) or Level
2¢ (TOH - Civic Campus) neonatal care for preterm and/or unwell infants. (73) The high-risk
pregnancies delivered in Ottawa are mainly at TOH - General Campus and Civic Campus, which
is an urban tertiary academic teaching hospital (comprised of three campuses) that provides
obstetrical care, including maternal Level 3 care. Due to the fact that TOH provides care to high-
risk pregnant women, the hospital has a high preterm birth incidence (13.6%), relative to the

general population of Ontario (7.9%). (74) Furthermore, in the reference cohort, the extremely
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preterm (<28 weeks) and very preterm (28-31 weeks) categories accounted for 2.7% of the TOH
birth population, while the moderate to late preterm (32-36 weeks) category was 10.9%. In the
general population of Ontario, the corresponding rates are approximately 1.1% and 6.8%,
respectively. (74) Because increasing prematurity is strongly associated with increased incidence
of bacterial sepsis, and preterm infants were over-represented in our study population compared
to the general population, the estimated incidence of neonatal sepsis in Objective 1 was likely

increased.

The performance characteristics of all potential coding algorithms, based on various ICD code
combinations, were evaluated by calculating measures of diagnostic accuracy. All of the
algorithms derived in the study suffered from imperfect sensitivity and low PPVs. Because PPV
is the probability of a subject having the disease given a positive test result, low PPVs pose a risk
of overestimation because of high false positive rate. For example, coding algorithm 5 had a PPV
of 50.0%, suggesting that about 50% of the cases captured by the coding algorithm would be false
positive cases. Our findings indicate that health administrative data is not an ideal source for
estimating incidence of neonatal bacterial sepsis, at least not with currently available OHDW data

without free text clinical notes.

In the sensitivity analyses, the range of PPV values was greatly improved from 36.6% - 53.3% to
65.2% - 89.0%. The reason for this was that the neonates who received a prolonged (= 7 days)
course of sepsis-related antibiotic but without microbiological confirmation accounted for a large
number of false positives for those coding algorithms. Although those neonates didn’t meet level
1 of Brighton Collaboration Case Definition (microbiological confirmation), they were at high risk
to meet clinical criteria (level 2 of Brighton Collaboration Case Definition) of sepsis since they

received a prolonged (= 7 days) course of sepsis-related antibiotic. Once those cases were excluded
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in the sensitivity analyses, the PPV values were greatly improved. Following up from our study, a
more extensive chart review is underway in a subset of the false positive and false negative records
to review free text clinical notes and other information not available in the electronic chart review
(e.g., fever, clinical judgement, other observations from physical examination not easily captured
using current ICD-10 coding practices). It might be beneficial to optimize the coding algorithms

to capture more true sepsis cases and reduce the false positives.

Generally speaking, an algorithm will be less likely to misclassify a non-case as positive case if
the case identifying algorithm is more stringent. However, as a tradeoff, the sensitivity of the
coding algorithm would decrease because it becomes more difficult to meet the case definition. In
this study, the preferred algorithm of those we tested was only moderately sensitive and had
imperfect specificity. Lower sensitivity would lead to underestimation if specificity were perfect,
and lower specificity would lead to overestimation if sensitivity were perfect. In reality, there is
always a mixture of both types of misclassification, which may offset each other, and it is difficult
to know what the true impact is. Regardless, the sensitivity of the preferred algorithm in our study
(75.3%, 95% CI, 66.8%-83.7%), was similar to the optimized ICD-10-CA coding algorithm for
adult sepsis (71.9%, 95% CI 68.1%-75.4%, aged 18 years and older) in a previous study conducted
in the Calgary region of Alberta, Canada. (9) Our results were also consistent with those of other
hospital-acquired infections reported in a systematic review, which reported moderate sensitivity
(76.0%, 95% CI, 56.2%-88.7%) and high specificity (99.9%, 95% CI, 99.6%-100%) using either

ICD-9 or ICD-10 in administrative data from literature during the period of 2000-2012. (75)

For the purpose of surveillance, under-ascertaining or over-ascertaining the true incidence of
neonatal bacterial sepsis results in inaccurate assessments of prevalence which would contribute

to inadequate allocation of resources for monitoring and treatment. There are some probable
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reasons for the inaccurate assessments of neonatal bacterial sepsis. First of all, it is strongly
associated with the accuracy of the code. The accuracy of the codes assigned to the electronic
record that is eventually available for secondary use in research may be influenced by several
factors, including the completeness and accuracy of the information that is documented in the
chart, as well as the interpretation of the coder abstracting the information. When information in
the chart is incomplete (e.g., if the lab test results are not available at the time the chart
information is abstracted by the coders) or illegible, the assignment of codes may be also be
incomplete or inaccurate. (48) In addition, it may be related to the natural limitations of
administrative data, which are developed for managing the healthcare system and generally focus
on physician documentation rather than clinical information on the patient’s status. Healthcare
coders may not identify a diagnosis of sepsis based on physician documentation alone, since
physicians may not explicitly state the term “sepsis” in the chart, instead identifying only the
infection present. Further, sepsis may go uncoded or undocumented if there are other more
pressing clinical diagnoses present during the health care encounter. For example, if a patient has
an extended hospital stay for another reason complicating the episode of sepsis, sepsis may be
missed as contributing to the hospital stay. (76, 77) Sepsis may be underreported having been

coded using organ-specific infection instead of being classified as sepsis. (28)

In summary, the coding algorithm developed in this study could not accurately identify neonates

with bacterial sepsis from within health administrative database using the data available to us now.
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5.2 Objective 2: Application of the Algorithm in the Ontario-wide population using ICES

data to Estimate Incidence Rates and Trends in Neonatal Bacterial Sepsis

As an exercise to illustrate the application of using coding algorithms for incidence rate estimation,
we used coding algorithm 5 from Objective 1 to identify preterm infants with bacterial sepsis from
within the population-based health administrative databases in ICES. The coding algorithm
detected a decreased trend in the estimated annual incidence during the study time period (2003 to
2017) and significant variation of sepsis incidence rates was noted across sex and gestational age.
However, we are unable to draw any firm conclusions regarding true temporal trends in bacterial
sepsis incidence during the study period, because of the suboptimal performance of the coding

algorithm available for this application.

Overall, the estimated incidence rate of bacterial sepsis for preterm infants in Ontario during the
whole study period was 40.8 (95% CI, 39.8-41.8) per 1000 preterm live births. To account for the
suboptimal performance of the coding algorithm developed in Objective 1, we adjusted the overall
incidence rate based on the observed sensitivity of 75.3% and specificity of 99.6% of coding
algorithm 5, and found the adjusted incidence rate to be 31.0 per 1000 preterm live births. This
result implies that we likely overestimated the incidence by approximately 10 per 1000 preterm
live births, assuming that the sensitivity and specificity of coding algorithm 5 were consistent in

the applied setting during the study period.

Our estimation of annual sepsis incidence rates declined during the study period and the difference
of incidence rates between 2013 and 2017 was 22.7 (95% CI, 20.2-25.2) per 1000 preterm live
births. Although we cannot rely on the accuracy of the incidence estimates due to the poor

performance of the algorithm, the declining trends are generally consistent with prior research. For
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example, a Canadian national (excluding Quebec) epidemiologic report of sepsis showed a decline
in hospitalization rates for neonates with diagnostic codes for sepsis from 2005 to 2009. (28) A
population-based study in Taiwan reported sepsis incidence decreased from 598.0 to 336.4 cases
per 100000 people from 2002 to 2012 in the infant population. (78) Further, Chanu et al reported
hospital mortality rates at two academic hospitals in Boston, U.S. declined for sepsis patients with
positive blood cultures, from 15.7% to 11.6% between 2003 and 2012. (79) Regarding the
estimated global incidence of neonatal sepsis, although an overall decline in sepsis-related
mortality has occurred over the past decade, there has been a dramatic difference in terms of
incidence rates related to sepsis in the infant population, with incidence of neonatal sepsis around
40-times higher in middle-income countries than in high-income countries. (2, 80) To our
knowledge, there were few representative epidemiological studies on incidence rates of sepsis in

preterm infants.

Some measures were believed to have improved the outcome of neonatal sepsis. First,
development of clear guidelines, concentrated use of specific educational initiatives, improved
supportive care and early evidence-based bundle care have contributed to substantial reductions in
morbidity and mortality of sepsis. (81, 82) An International guideline “Surviving Sepsis Campaign
guidelines for management of severe sepsis and septic shock™ was originally published in 2004
and updated in 2008 and 2012. (83-85) Second, studies have found that screening and initiation of
antibiotic prophylaxis of pregnant women in the intra-partum period for those who screen positive
for Group B Streptococcus (GBS) colonization has contributed to the reduction in early-onset
neonatal sepsis infections. (86) Early-onset neonatal sepsis can be caused by vertical transmission
of infectious organisms from the mother, before or during birth. Maternal GBS colonization in the

current pregnancy and GBS bacteriuria are the risk factors most commonly associated with
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neonatal bacterial sepsis. (87) Efforts have been made to screen for GBS colonization during late
pregnancy (35-37 weeks) and provide intrapartum antimicrobial prophylaxis to colonized mothers
in order to prevent vertical transmission to the newborn. For example, recommendations for
intrapartum prophylaxis to prevent perinatal GBS disease were issued in 1997 by the American
Academy of Pediatrics. (88) Revised guidelines for the prevention of early-onset GBS disease
issued in 2002 recommended universal culture-based screening of all pregnant women at 35-37
weeks’ gestation to optimize the identification of women who should receive intrapartum
antibiotic prophylaxis. (89) In the United States, widespread acceptance of intrapartum antibiotic
prophylaxis to reduce vertical transmission of GBS infections in high-risk women has resulted in
a significant decline in rates of neonatal sepsis by GBS infection. (90) In 2013, the Society of
Obstetricians and Gynaecologists of Canada published recommendations for regimens for
antimicrobial prophylaxis among pregnant women in labour for the prevention of early-onset
neonatal GBS disease. (91) All these efforts were beneficial to the treatment of maternal infections
or colonization, which might prevent a significant proportion of early-onset neonatal sepsis. It was
likely to be consistent with our observation in substantially decline of trend in incidence of
neonatal bacterial sepsis in Ontario in the following 6 years from 2008. Also, it is still possible
that other factors might have varied over time which could have affected the temporal trends that
we estimated in Objective 2. For example, expertise of the coders, quality of coding, or the impact

of physician documentation could also had changed over this time period.

We observed a decreasing trend in incidence rates for both male and female infants; however,
incidence rates were higher for male infants during ever year of our study period. Overall, the
relative incidence from Poisson regression model shows male infants had a 22% increased

incidence of bacterial sepsis compared with female infants. Similar results were presented by
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Watson and Carcillo, who observed a higher incidence of severe sepsis in infant boys compared
to girls. (92) Moreover, sex-related difference in children with sepsis were reported in some other
studies. (28, 93) Although a mechanism of hormonal and immunologic change related to sex
differences has been postulated, the exact mechanism of the sex difference in sepsis is still to be

determined. (94)

Variation in incidence rates of sepsis by categories of preterm birth and gestational age (weeks) in
incidence rates were observed in each year over the entire study period. Overall, increasing
prematurity was strongly associated with increased incidence of bacterial sepsis, with the rate of
bacterial sepsis in the extremely preterm group (<28 weeks, 233.2 per 1000 preterm live births,
95% CI, 214.9-231.6) approximately 13.7 times that in the moderate to late preterm group (32-36
weeks, 17.0 per 1000 preterm live births, 95% CI, 16.3-17.7) in the study cohort. The infants below
24 weeks’ gestation had few numbers of cases and were not included in trend analysis. From 25
to 36 weeks’ gestation, the incidence rates of bacterial sepsis experience a drastic drop with the
increase of gestational age. These findings are likely related to some neonatal factors, such as

survival rate and prematurity.

Firstly, gestational age is strongly associated with outcome in terms of survival and survival rates
among live-born infants below 24 weeks’ gestation are relatively low. (95, 96) According to a
population-based study of all infants born at 22 through 26 weeks’ gestation in Norway in 2013-
2014, the survival rate was 18% at 22 weeks, 29% at 23 weeks, 56% at 24 weeks, 84% at 25 weeks
and 90% at 26 weeks. (97) Before 24 weeks’ gestation, most deaths occurred in utero after
admission to an obstetric unit or because of omission of resuscitation at birth. (98) They are likely
to be died within 24 hours due to respiratory distress syndrome due to an immature respiratory

system and/or congenital anomalies. (99) Consequently, they may don’t survive long enough to
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even get sepsis, or be coded with sepsis. For instance, at Eunice Kennedy Shriver National Institute
of Child Health and Human Development Neonatal Research Network Centers, infants who were
born alive in 2003-2007 died at < 12 hours, with most early deaths occurring at 22 and 23 weeks
(85% and 43%, respectively). (29) In addition, other factors (e.g., death within a very short time
after birth, termination of pregnancy) may be attributable to the lower rates of neonatal bacterial

sepsis under 25 weeks’ gestation.

Secondly, prematurity is one of the most important neonatal risk factors predisposing to infection
that could result in sepsis. Our observation was consistent with those in other studies. (29, 91,100)
For example, a nationwide Swedish prospective cohort study between 2004 and 2007 reported 66%
of the 497 extremely preterm infants had at least one episode of sepsis. (101) In addition, a 36%
of neonates born before 28 weeks suffered at least one episode of blood stream infection during
their birth hospitalization in the US. (102) In our study, a 22.3% of neonates in extremely preterm
group (<28 weeks) in Ontario between 2003 and 2017 had bacterial sepsis. There are many reasons
why neonates born at preterm gestation face a great risk of acquiring sepsis. Compared with the
immune system of the term infants, those of the preterm infants are less developed in several
respects. (103) Immune dysfunction and an absence of transplacentally acquired maternal I1gG
antibodies in preterm infants may contribute to increased susceptibility to neonatal infections. (104)
In addition, preterm infants have increased risk for hospital-acquired infections, since they often
need prolonged intravenous access, endotracheal intubation or other invasive procedures that

provide a portal of entry for pathogens or impair barrier and clearance mechanisms. (16)
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5.3 Study Limitations

There are several limitations of our validation study in Objective 1. First, we defined the
reference cohorts using the electronic health record which included microbiology test results and
pharmacy data by data linkage at the patient level. It is a concern that misdiagnosis or incomplete
documentation of free text clinical data on the electronic health record may have impacted our
ability to evaluate level 2 of Brighton Collaboration Case Definition. For example, we may have
missed capturing some true cases of bacterial sepsis and therefore increased the number of false
negatives or false positives. Further, one of our diagnostic criteria was a course of antibiotics (>
7 days). If an infant died during administration of antibiotics and, therefore, did not complete a
full course of antibiotics, they would not have reached the necessary criteria to be identified as a
case in our study. As a next step from this study, a more extensive chart review is underway for a
subset of false negative and false positive charts to check free text clinical notes which were not
available in the electronic chart review at the time this study was conducted. Second, the study
population for developing our coding algorithms was selected from births occurring at one
hospital (TOH) in Ottawa, an urban tertiary academic teaching hospital that provides obstetrical
care, and a level 3 neonatal intensive care unit (NICU) for preterm and/or unwell infants.
Therefore, it is possible that the algorithm could perform differently in different clinical
situations, such as in hospitals with lower level of obstetrical/neonatal care designation, which
might lead to some misclassification if applying this TOH-based algorithm to other settings.
Additionally, no term infants appeared in our true positive reference cohort. The distribution of
preterm births at TOH, as a tertiary care centre, might be different from other hospitals in the
province. If the incidence of sepsis was higher in TOH than in the general population, then the

algorithm might perform worse (in terms of PPV) in the general population assuming sensitivity
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and specificity remain constant. Furthermore, although we initially intended to include data from
both TOH and CHEO in our validation study, in order to be able to identify all the true-positive
neonatal sepsis cases, the complexities of accessing chart data from two organizations was
beyond the financial and time feasibility of this Master’s thesis project; therefore, we were only
able to access data from TOH. Neonates who were discharged from TOH with no diagnosis of
sepsis recorded, could have presented later within the neonatal period with sepsis at CHEO or
another hospital, and this diagnosis would have been missed by our study. Additionally, we were
only able to validate the coding algorithm in preterm infants, which restricted its application.
Though rates of bacterial sepsis would be very low in term infants, since most infants are born at

term, they still account for the majority of actual bacterial sepsis cases.

In Objective 2, with the suboptimal performances of the coding algorithm identified in Objective
1, the algorithm was not of sufficient accuracy to produce reliable population estimates of
neonatal sepsis, and we likely overestimated the incidence. In addition, the derivation time frame
of the TOH reference cohort used to develop the algorithm was 2012 to 2017, while the time
frame for the sepsis incidence estimation was from 2003 to 2017. We were not able to test the
performance of the algorithms against medical chart data in the decade prior to the derivation
time period (2003 to 2011). There is no way to know for certain whether there were any temporal
issues that could have affected the estimates. However, the coding system (ICD-10-CA) was
consistent from 2003 onward. Nevertheless, the estimates of incidence rates and temporal trends
were derived from administrative datasets, which relied on correct data coding. Accordingly,
misclassification of sepsis could be possible and may vary by factors such as disease severity and
over time. We did not assess the accuracy of the algorithm according to the position of the sepsis

codes in the diagnostic code fields in the administrative data. It is possible that true sepsis cases
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were rarely recorded as anything but a type M or 1 diagnosis. Therefore, requiring a type M or 1
diagnosis type could reduce false positives without significantly impacting sensitivity. Further,
we were also unable to study the incidence rates in term infants, therefore, these results are only

generalizable to preterm infants.

5.4 Conclusion

In conclusion, this study could serve as a caution for researchers who are interested in studying
neonatal bacterial sepsis using health administrative data. The currently available health
administrative data is not suitable for identifying neonatal bacterial sepsis. All potential coding
algorithms suffered mainly from low PPVs. We observe the overall incidence rates of bacterial
sepsis in the preterm infants in Ontario has declined over time and sex and gestational age show
to be associated with the incidence rates of illness. Since the availability of electronic medical
records is increasing, the availability of large administrative and clinical databases for
programmatic monitoring and evaluation, as well as for research purposes is likely to expand.
However, there is still much to learn about appropriate utilization of health administrative data for
research, since it is a relatively new source of research data. For the next step, there is a need for a
deeper clinical chart review including physician and nursing narrative notes for the cases that
partially met the case definition, but couldn’t be fully ascertained in the more limited electronic
health chart, in which we did not have access to those bedside clinical notes. This deeper chart
review of “probable” cases of sepsis from this validation study is in the early stages, and will
hopefully result in a clearer picture of true positive and true negatives in the validation cohort.
Future research priorities also include expanding bacterial sepsis to include viral and fungal sepsis,

multicenter evaluation.
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APPENDIX

Appendix 1. Recognized pathogens (bacteria)

Acinetobacter spp:
Acinetobacter baumannii
Acinetobacter lwoffii

Bacillus cereus

Bordetella sp
Bordetella bronchiseptica

Bordetella parapertussis
Bordetella pertussis

Burkholderiacepacia

Citrobacter sp.
CitrobacterKoseri
Citrobacterdiversus
Citrobacterfreundii

Clostridium sp.
Clostridium difficile
Clostridium perfringens

Eikenellacorrodens

Enterococcus spp.
Enterococcus faecalis
Enterococcus faecium
Enterococcus gallinarum
Enterobacter sp.
Enterobacter aerogenes
Enterobacter agglomerans

Enterobacter cloacae

Escherichia coli

Haemophilus sp.
Haemophilusinfluenzae
Haemophilusparainfluenzae

Klebsiella sp.
Klebsiellaaerogenes

Klebsiellaoxytoca
Klebsiellapneumonia

Lactobacillus sp.
Listeria monocytogenes

Mycobacterium sp.
Mycobacterium tuberculosis

Morganellamorganii

Neisseria sp.
Neisseria meningitidis
Neisseria gonorrhoeae
Nocardiasp
Nocardiaasteroides

Pantoeasp
Plesiomonasshigelloides
Proteus sp.

Proteus mirabilis
Proteus vulgaris

Providencia sp
Providencia rettgeri
Providencia stuartii

Pseudomonas sp
Pseudomonas aeruginosa
Pseudomonas cepacia
Pseudomonas stutzeri

Salmonella sp.
Shigella sp.
Shigelladysenteriae
Shigellaflexneri
Shigellasonnei
Serratia sp.
Serratialiquefaciens
Serratiamarcescens

Staphylococcus aureus
(Methicillin-sensitive ~ and -
resistant MSSA or MRSA)

Streptococcus agalactiae or group
B streptococcus

Streptococcus pneumoniae
Streptococcus pyogenes

Stenotrophomonasmaltophilia

Ureaplasma sp.
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Appendix 2. Non-pathogenic bacteria

Bacillus sp. (other than B. cereus)

Bacteroides sp.
Bacteroidesfragilis

Coagulase-negative staphylococci
Coagulase-negative staphylococci (mixed)

Corynebacterium sp.
Diphtheroids
Micrococcus sp.

Propionibacterium sp.
Propionibacterium acnae

Peptococcus sp.
Peptostreptococcus sp.

Peptostreptococcusmagnus
Peptostreptococcus micros

Streptococcus sp.
Streptococcus acidominimus
Streptococcus anginosus
Streptococcus bovis
Staphylococcus capitis
Streptococcus constellatus
Staphylococcus epidermidis
Streptococcus equinus
Staphylococcus haemolyticus
Staphylococcus hominis
Streptococcus mitis
Streptococcus mutans
Streptococcus oralis
Streptococcus salivarius
Streptococcus sanguis
Staphylococcus saprophyticus
Streptococcus suis
Streptococcus viridans
Staphylococcus warneri

Stomatococcusmucilaginosus
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Appendix 3. All therapeutic categories used by the study population in Objective 1.

Code Therapeutic Category*

81202 AMINOGLYCOSIDES

81206 CEPHALOSPORINS

81207 MISC. B-LACTAM ANTIBIOTICS
81212 ERYTHROMYCINS

81216 PENICILLINS

81220 SULFONAMIDES (SYSTEMIC)

81228 MISC. ANTIBIOTICS

81408 AZOLES

81428 POLYENES

81604 ANTITUBERCULOSIS AGENTS
81808 ANTI-RETRO VIRAL AGENTS

81824 MONOCLONAL ANTIBODIES

81832 NUCLEOSIDES AND NUCLEOTIDES
83092 MISCELLANEOUS ANTIPROTOZOALS
83600 URINARY ANTI-INFECTIVES

120808 ANTIMUSCARINICS/ANTISPASMODICS
121208 BETA-ADRENERGIC AGONISTS

121212 ALPHA AND BETA ADRENERGIC

122000 SKELETAL MUSCLE RELAXANTS

200404 IRON PREPARATIONS

201204 ANTICOAGULANTS

201600 HEMATOPOIETIC AGENTS

240408 CARDIOTONIC AGENTS

240816 CENTRAL ALPHA-AGONISTS

240820 DIRECT VASODILATORS

241292 MISCELLANEOUS VASODILATING AGENTS
242400 BETA-ADRENERGIC BLOCKING AGENTS
242808 DIHYDROPYRIDINES

243220 MINERALOCORTICOID (ALDOSTERONE) ANTAGNTS
280804 NONSTEROIDAL ANTI-INFLAMMATORY
280808 OPIATE AGONISTS

280892 MISC ANALGESICS & ANTIPYRETICS
281212 HYDANTOINS

282092 ANOREXIGENICS; RESPIR; CERE MISC
282404 BARBITURATES

282408 BENZODIAZEPINES
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360400 ADRENOCORTICAL INSUFFICIENCY

368400 TUBERCULOSIS

400800 ALKALINIZING AGENTS

401200 REPLACEMENT PREPARATIONS

402000 CALORIC AGENTS

402808 LOOP DIURETICS

402820 THIAZIDE DIURETICS

521000 CARBONIC ANHYDRASE INHIBITORS

560400 ANTACIDS AND ADSORBENTS

561000 ANTIFLATULENTS

561400 CHOLELITHOLYTIC AGENTS

562812 HISTAMINE H2-ANTAGONISTS

562836 PROTON-PUMP INHIBITORS

569200 MISCELLANEOUS GI DRUGS

680400 ADRENALS

682008 INSULINS

682212 GLYCOGENOLYTIC AGENTS

682800 PITUITARY

683604 THYROID AGENTS

683608 ANTITHYROID AGENTS

880800 VITAMIN B COMPLEX

882400 VITAMIN K ACTIVITY

882800 MULTIVITAMIN PREPARTIONS

* Based on AHFS Pharmacologic-Therapeutic Classification system.
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Appendix 4. ICD-10-CA Codes for neonatal and adult sepsis

ICD-10_CA Nomenclature
Code
Neonatal Sepsis
P360 Sepsis of newborn due to streptococcus, group B
P361 Sepsis of newborn due to other and unspecified streptococci
P362 Sepsis of newborn due to Staphylococcus aureus
P363 Sepsis of newborn due to other and unspecified staphylococci
P364 Sepsis of newborn due to Escherichia coli
P365 Sepsis of newborn due to anaerobes
P368 Other bacterial sepsis of newborn
P369 Bacterial sepsis of newborn, unspecified
Adult Sepsis
A021 Salmonella sepsis
A227 Anthrax sepsis
A267 Erysipelothrix sepsis
A327 Listerial sepsis
A400 Sepsis due to streptococcus, group A
A401 Sepsis due to streptococcus, group B
A402 Sepsis due to streptococcus, group D
A403 Sepsis due to Streptococcus pneumoniae
A408 Other streptococcal sepsis
A409 Streptococcal sepsis, unspecified
A410 Sepsis due to Staphylococcus aureus
A411 Sepsis due to other specified staphylococcus
A412 Sepsis due to unspecified staphylococcus
A413 Sepsis due to Haemophilus influenzae
A414 Sepsis due to anaerobes
A4150 Sepsis due to Escherichia coli [E.coli]
A4151 Sepsis due to Pseudomonas
A4152 Sepsis due to Serratia
A4158 Sepsis due to other Gram-negative organisms
A4180 Sepsis due to Enterococcus
A4188 Other specified sepsis
A419 Sepsis, unspecified
A427 Actinomycotic sepsis
A5486 Gonococcal sepsis
B377 Candidal sepsis
085002 Puerperal sepsis, delivered, with mention of postpartum complication
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085004 Puerperal sepsis, postpartum condition or complication
085009 Puerperal sepsis, unspecified as to episode of care, or not applicable
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Appendix 5. The Searching strategy for sepsis validation studies.

Searching strategy of sepsis literatures was as follows:
Firstly, ‘humans’ and ‘English language’ filters were applied.

Secondly, in order to identify studies assessing the diagnostic accuracy of ICD codes for
identifying sepsis, ‘AND’ was used to combine three search concepts: sepsis, coding and

validation.

Articles concerning sepsis were sought using ‘OR’ to combine the term ‘sepsis’ and the terms
relevant to the condition of sepsis, including ‘severe sepsis’ and ‘septic shock’.

Articles concerning the concept of coding were sought using ‘OR’ to combine keyword
searches for the following terms: ‘administrative data’, ‘hospital discharge data’, ‘ICD-9’,
‘ICD-10’, ‘ICD-9xM’ or ‘ICD-10xM’ (country versions), ‘medical record’, ‘health
information’, ‘surveillance’, ‘physician claims’, ‘claims’, ‘hospital discharge’, ‘coding’ and
‘codes’.

Articles concerning validity were sought using ‘OR’ to combine the keyword searches for the
terms ‘validity’, ‘validation’, ‘case definition’, ‘algorithm’, ‘accuracy’, °‘sensitivity’,

b

‘specificity’, ‘positive predictive value’, ‘negative predictive value’, ‘positive likelihood ratio

To be eligible for inclusion, articles had to compare the accuracy of ICD-9 or ICD-10 codes
for sepsis in an administrative database to a reference standard and report at least one of
diagnostic accuracy measures (i.e., sensitivity, specificity, positive predictive value or
negative predictive value). Twelve articles met all eligibility criteria and were worth
summarizing. None of above twelve publications through the above searching strategy were

conducted specifically for validation of algorithms for identifying neonatal sepsis.
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