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Abstract 

Background Individuals with intellectual and developmental disabilities (IDD) experience high rates of 
physical and mental health problems; yet their health care is often inadequate. Information about their 
characteristics and health services needs is critical for planning efficient and equitable services. A logical 
source of such information is administrative health data; however, it can be difficult to identify cases with 
IDD in these data. The purpose of this study is to evaluate three algorithms for case finding of IDD in 
health administrative data. 

Methods The three algorithms were created following existing approaches in the literature which ranged 
between maximising sensitivity versus balancing sensitivity and specificity. The broad algorithm required 
only one IDD service contact across all available data and time periods, the intermediate algorithm added 
the restriction of a minimum of two physician visits while the narrow algorithm added a further restriction 
that the time period be limited to 2006 onward. The resulting three cohorts were compared according to 
socio-demographic and clinical characteristics. Comparisons on different subgroups for a hypothetical 
population of 50 000 individuals with IDD were also carried out: this information may be relevant for 
planning specialised treatment or support programmes. 

Results The prevalence rates of IDD per 100 were 0.80, 0.52 and 0.18 for the broad, intermediate and 
narrow algorithms, respectively. Except for ‘percentage with psychiatric co-morbidity’, the three cohorts 
had similar characteristics (standardised differences <0.1). More stringent thresholds increased the 
percentage of psychiatric co-morbidity and decreased the percentages of women and urban residents in 
the identified cohorts (standardised differences = 0.12 to 0.46). More concretely, using the narrow 
algorithm to indirectly estimate the number of individuals with IDD, a practice not uncommon in 
planning and policy development, classified nearly 7000 more individuals with psychiatric co-morbidities 
than using the intermediate algorithm.  

Conclusions The prevalence rate produced by the intermediate algorithm most closely approximated the 
reported literature rate suggesting the value of imposing a two-physician visit minimum but not restricting 
the time period covered. While the statistical differences among the algorithms were generally minor, 
differences in the numbers of individuals in specific population subgroups may be important particularly 
if they have specific service needs. Health administrative data can be useful for broad- based service 
planning for individuals with IDD and for population level comparisons around their access and quality of 
care. 

Keywords administrative data, cohort algorithms, intellectual disability, standardised differences, 
surveillance 
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Introduction and background 

Although individuals with intellectual and developmental disabilities (IDD) are highly vulnerable to 
physical and mental health problems, their care is often inappropriate (Ouellette-Kuntz et al. 2005; 
MENCAP 2007; Emerson et al. 2011; World Health Organization 2011). Planning efficient and equitable 
services requires a better understanding of their healthcare needs, and there is substantial literature 
suggesting that administrative health data can provide important contributions towards such 
understanding (Adams et al. 2009; World Health Organization 2011). 

Compared to data from household surveys or patient records, administrative data are less expensive, 
routinely collected, not impacted by self-report limitations and have a better potential of capturing more 
of the population of interest particularly if they are linked across multiple sectors (Westerinen et al. 2007; 
Balogh et al. 2010; Ouellette-Kuntz et al. 2010). Health administrative data sets also allow for 
comparisons with other groups or the general population, which are crucial in identifying healthcare 
disparities. Patterns of healthcare use and disparities in both care and outcomes have been described for a 
variety of population groups including individuals with depression (Lin et al. 2011), stroke (Tirschwell et 
al. 1999), HIV (McGinnis et al. 2003) and low- income status (Khan et al. 2011). Administrative health 
data are increasingly being used to study the population with IDD. However, it can be difficult to identify 
cases with IDD on a population-wide basis (Westerinen et al. 2007). This paper contributes to a better 
definition and identification of cases with IDD in health administrative data sets by comparing three IDD 
case-identifying algorithms using administrative health data sets in Ontario, Canada. 

In the IDD literature, there are two common methods of case identification. One approach, used 
predominantly by prevalence studies, combines general population surveys with clinical assessment. 
Well-designed surveys first screen for potential cases and then confirm diagnoses using specialised health 
professionals (e.g. Christianson et al. 2002; Hosain et al. 2007; Xie et al. 2008; Brugha et al. 2011; also 
see Fombonne 2009) although few studies manage to clinically assess all respondents (e.g. Camp et al. 
1998; Heikura et al. 2003; Gustavson 2005). While these studies are felt to yield the most reliable 
prevalence estimates for IDD – particularly those with a prospective design – their primary drawbacks are 
cost, labour-intensiveness and the consequent difficulty in repeating them on a regular basis. 

A second method uses registries or recipients of social, health or educational supports specifically created 
for people with either disability in general or IDD in particular to identify individuals with IDD (e.g. 
Massey & McDermott 1996; Statistics Canada 2001; Madsen et al. 2002; Leonard et al. 2003; McConkey 
et al. 2006; Ouellette-Kuntz et al. 2006). Some countries, such as Australia and Ireland, have used this 
approach to create registries of persons with IDD (Sullivan et al. 2003; Kelly et al. 2007). 

While these data sources have some level of specificity because of the evaluation process required to 
become a ‘registered’ case, definitions vary across evaluators and across organisational eligibility 
requirements. A more serious limitation is that the results produced using these specialised databases are 
likely to be underestimates. Westerinen et al. (2007) used eight national health and social benefits 
registries to estimate the prevalence of IDD in Finland of which only one, hospital discharge data, was a 
general rather than a disabilities population database. Their analyses showed that 8% of the identified 
cases were recorded only in the hospital data. van Schrojenstein Lantman-de Valk et al. (2006) combined 
cases with IDD identified through service providers and cases identified through general practitioner 
patient records to extrapolate a national prevalence rate for the Netherlands. Their results showed that 
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between 33% and 38% of the estimated number of individuals with IDD were identified only through 
general practitioner records. Consequently, developing reliable methods for the identification of persons 
with IDD in health administrative data sets is likely to help in providing a more accurate estimate of the 
prevalence of IDD. 

Case identification in administrative health data- bases uses algorithms that are typically validated 
through chart reabstraction or similar clinical review methods (Hux et al. 2002; Tirschwell & Longstreth 
2002; Spettell et al. 2003; Tu et al. 2007). They are generally based on a combination of the main 
diagnosis being treated, threshold numbers or types of service encounters and a specific, uniform time 
window. A typical example would be to include only individuals with at least two physician visits for 
condition X or who had had an inpatient stay for the condition within the past 2 years (Hux et al. 2002). 
The goal is to arrive at an algorithm that balances sensitivity (i.e. including all possible cases) with 
specificity (i.e. excluding all possible non-cases) and also minimises bias (e.g. using the same time 
window across all data sets). 

Identifying individuals with IDD using these methods is challenging, however. The conditions 
comprising IDD do not usually require direct healthcare interventions and thus are likely to be recorded in 
health records only when individuals are first assessed (usually early in the lifespan). Furthermore, 
assessments of cognitive and adaptive functioning are typically completed by psychologists and thus 
would not be captured in administrative data sets that are limited to medical records. For databases which 
allow the recording of multiple diagnoses or conditions, IDD might be captured as a comorbidity, but it is 
unclear how consistently co-morbidities are recorded by health service providers (Iezzoni 2002; Balogh et 
al. 2005; Juurlink et al. 2006). The expectation therefore is that IDD is underdetected in administrative 
health data and that consequently maximising sensitivity is more pressing than avoiding false positives or 
potential bias. 

Intellectual and developmental disability studies are increasingly using general population, administrative 
health data. Some studies have combined such data with information from more targeted sources such as 
registries or disability support recipients (van Schrojenstein Lantman-de Valk et al. 2006; Hall et al. 2007; 
Westerinen et al. 2007; Balogh et al. 2010) and others have relied solely on health data (Lunsky & Balogh 
2010; Lunsky et al. 2011). These studies used strategies to maximise the detection of IDD cases including 
using multiple data sources, choosing the widest time window possible and including all of the available 
diagnostic data (i.e. not just the primary diagnostic field). To our knowledge, no study has attempted to 
compare case identification strategies to determine which one seems to be the most accurate and should 
be recommended for research and service planning purposes. 

This paper creates and evaluates three case identification algorithms which vary in their degree of 
inclusiveness of individuals with IDD. These are applied to administrative health data from the province 
of Ontario, Canada, and the resulting cohorts are compared in terms of their size and socio- demographic 
and clinical characteristics. Because health administrative data are more robust when reporting broad 
versus narrow diagnostic categories (Kisely et al. 2009a,b), our investigation will focus on evaluating 
algorithms for the general category of IDD, rather than for the different conditions that comprise IDD. 
The implications and future directions for both research and service planning are discussed. 
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Methods 

Data sources 

The seven data sources used for this report are housed and managed at the Institute for Clinical Evaluative 
Sciences, Ontario and were made avail- able for analysis in the form of linked, anonymised data. They 
include five provincial administrative health data sets, a registry of persons eligible for provincial health 
coverage and the Canadian Census. The five administrative health data sets capture the vast majority of 
the formal medical services that all legal residents of Ontario are eligible for. The Ontario Mental Health 
Reporting System (OMHRS) and the Canadian Institute of Health Information Discharge Abstract 
Database (DAD) capture inpatient discharges for all acute care psychiatric and non-psychiatric hospital 
beds. Same Day Surgery (SDS) and the National Ambulatory Care Reporting System (NACRS) record 
ambulatory care visits for inpatient surgery or to the emergency department. The Ontario Health 
Insurance Plan (OHIP) contains all claims submit- ted to the province by fee-for-service physicians. Table 
1 provides information about the content of these seven data sets, their inception date and the variables 
used for this report. Also included are the numbers of cases as defined by the broadest IDD algorithm 
(described below). Data linkage was accomplished through an encrypted unique identifier for the 
administrative health and registry data- bases and the individual’s residential postal code for the Census 
variables. The entire project, including the linkage and anonymisation methods, was reviewed and 
approved through the research ethics processes at the Institute for Clinical Evaluative Sciences at 
Sunnybrook Hospital and at the Centre for Addiction and Mental Health, both in Toronto. 

Intellectual and developmental disability 

Our definition of IDD is based on the one used by our provincial government to determine eligibility for 
disability support services and is consistent with recent Ontario legislation (Government of Ontario 
2010). The conditions covered under this legislation are those that are characterised by lifelong 
limitations in cognitive and adaptive functioning that originate before the age of 18 and impact on 
activities of daily living. The definition thus includes a broad range of conditions, not based on either 
aetiology or an overall IQ cut-off. IDD conditions consistent with the above definition were identified 
using ICD-9, ICD-10 or DSM codes or their data- base equivalents in consultation with both clinicians 
and policy makers. The list of diagnostic codes used is shown in Table 2. 

Cohort algorithms 

As described earlier, standard algorithms for administrative health data aim for a balance between 
sensitivity and specificity as well as a method that minimises bias (i.e. by using uniform time windows 
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Table 1.  Datasources:  Content, inception date, number of IDD cases , and relevant sociodemographic and clinical variables 

Datasource Content Inception 
Year Clinical variables 

IDD Cases1 
Any datasource: n = 67,337 

(single datasource: n = 53,881) 

Sociodemograp
hic variables 

OMHRS (Ontario 
Mental Health 

Reporting System) 

Inpatient discharges from 
psychiatric beds (2006 to present) 2006 

Psychiatric 
DSM-4 (3 Axis I fields) 

Provisional diagnosis 
(16 categories) 

Intellectual disability variable 
 

Medical 
ICD-10 (6 fields) 
Specific illnesses 

(6 conditions) 

4419 (2264) 

Age 
Sex 

DAD (Discharge 
Abstract Database) 

Acute care inpatient discharges 
(prior to 2006) 

 
Acute care inpatient discharges 

from non-psychiatric beds (2006 
on) 

1988 ICD-9   (16 fields, 1988-2001) 
ICD-10 (25 fields, 2002-present) 17,301 (7,667) 

SDS (Same Day 
Surgery database) Hospital visits for same-day surgery 1991 ICD-9   (16 fields, 1988-2001) 

ICD-10 (25 fields, 2002-present) 7,297 (1,628) 

NACRS (National 
Ambulatory Care 

Reporting System) 
ED visit 2000 ICD-10 (10 fields) 3,814 (527) 

OHIP (Ontario Health 
Insurance Plan) Fee-for-service physician visit 1991 ICD-9 equivalent (1 field) 53,192 (41,745) none 

RPDB (Ontario 
Registered Persons 

Database) 

Ontarians covered under provincial 
health insurance plan 1990 None n/a Age 

Sex 

Canadian Census 2008 
intercensal population 

estimates 
 2009 none n/a 

Average 
neighborhood 

income 
Rurality index 

(Population 
denominators) 
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Table 2.  Intellectual and developmental disability diagnostic codes:  ICD, DSM, and database 
equivalent 
 
Code (comment) Label 
ICD-9 (* = include only if all 6 digits present) 
299-29999 Pervasive development disorders (e.g. autism) 
317-31799 Mild mental retardation 
318-31899 Other specified mental retardation 
319-31999 Unspecified mental retardation 
7580-75839 Chromosomal anomalies for which a developmental disability is typically 

present  
(e.g. Down syndrome, cri-du-chat syndrome) 

7585 Other conditions due to autosomal anomalies 
7588, 75889 
(exclude 75881) 

 
Other conditions due to chromosome anomalies 

7589 Conditions due to anomaly of unspecified chromosome 
7595 Tuberous sclerosis 
75981 Other and unspecified congenital anomalies: prader-willi 
759821* Other and unspecified congenital anomalies: de Lange 
759827* Other and unspecified congenital anomalies: Seckel’s 
759828* Other and unspecified congenital anomalies: Smith-Lemli-Opitz 
75983 Other and unspecified congenital anomalies: fragile x 
759874 * Other and unspecified congenital anomalies: Beckwith-Wiedemann 

syndrome 
759875* Other and unspecified congenital anomalies: Zellweger’s syndrome 
75989 Other and unspecified congenital anomalies: other (e.g. menkes disease, 

Laurence-Moon-Biedl,rubinstein-taybi syndrome etc.) 
76071 Fetal alcohol syndrome 
76077 Fetal hydantoin syndrome 
ICD-10 (** = include only if all 5 digits present) 
F700 Mild mental retardation with the statement of no, or minimal, impairment 

of behaviour 
F701 Mild mental retardation, significant impairment of behaviour requiring 

attention or treatment 
F708 Mild mental retardation, other impairments of behaviour 
F709 Mild mental retardation without mention of impairment of behaviour 
F710 Moderate mental retardation with the statement of no, or minimal, 

impairment of behaviour 
F711 Moderate mental retardation, significant impairment of behaviour 

requiring attention or treatment 
F718 Moderate mental retardation, other impairments of behaviour 
F719 Moderate mental retardation without mention of impairment of behaviour 
F720 Severe mental retardation with the statement of no, or minimal, 

impairment of behaviour 
F721 Severe mental retardation, significant impairment of behaviour requiring 

attention or treatment 
F728 Severe mental retardation, other impairments of behaviour 
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Code (comment) Label 
F729 Severe mental retardation without mention of impairment of behaviour 
F730 Profound mental retardation with the statement of no, or minimal, 

impairment of behaviour 
F731 Profound mental retardation, significant impairment of behaviour 

requiring attention or treatment 
F738 Profound mental retardation, other impairments of behaviour 
F739 Profound mental retardation without mention of impairment of behaviour 
F780 Other mental retardation with the statement of no, or minimal, impairment 

of behaviour 
F781 Other mental retardation, significant impairment of behaviour requiring 

attention or treatment 
F788 Other mental retardation, other impairments of behaviour 
F789 Other mental retardation without mention of impairment of behaviour 
F790 Unspecified mental retardation with the statement of no, or minimal, 

impairment of behaviour 
F791 Unspecified mental retardation, significant impairment of behaviour 

requiring attention or treatment 
F798 Unspecified mental retardation, other impairments of behaviour 
F799 Unspecified mental retardation without mention of impairment of 

behaviour 
F840 Childhood autism 
F841 Atypical autism 
F843 Other childhood disintegrative disorder 
F844 Overactive disorder associated with mental retardation and stereotyped 

movements 
F845 Asperger's syndrome 
F848 Other pervasive developmental disorders 
F849 Pervasive developmental disorder, unspecified 
Q851 Tuberous sclerosis 
Q860 Fetal Alcohol Syndrome 
Q861 Fetal hydantoin syndrome 
Q871 Aarskog, Prader willi, DeLange, Seckel etc.   
Q8723** Rubinstein-Taybi 
Q8731** Sotos 
Q878 Other 
  
Q900-Q939 except: 
 Q926 
 Q971 
 Q992 
 Q998 

(i.e., all Down Syndrome Types, cri du chat, etc  except Extra marker 
chromosomes) 
 
 
 
 

DSM-IV (OMHRS database only) 
299, 299.00 Autistic disorder 
299.1, 299.10 Childhood disintegrative disorder 
299.8, 299.809 Asperger’s disorder 
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Code (comment) Label 
317 Mild mental retardation 
318, 318.0 Moderate mental retardation 
318.1 Severe mental retardation 
318.2 Profound mental retardation 
319 Mental retardation, severity unspecified 
Database equivalent codes (comments) 
299 (OHIP database only) Childhood psychoses (e.g., autism) 
319 (OHIP database only) Mental retardation 
Q3 (OMHRS database) Mandatory intellectual disability variable (yes/no) 
 

across data sets). In contrast, methods to identify IDD cases in administrative health data appear to weigh 
sensitivity more heavily. In some instances [e.g. the method used by Balogh et al. (2010)], maximising the time 
window across different databases creates the possibility of bias if there were different database inception dates. 
To address the tension between these two approaches, we created three algorithms for evaluation. 

The broad algorithm is based on the approach used by Balogh et al. (2010). The narrow algorithm mimics other 
standard cohort algorithms such as the one used in Canada for diabetes (Hux et al. 2002; Public Health Agency 
of Canada 2009) by imposing a uniform time window and by requiring either an inpatient or emergency 
department contact or a minimum of two physician visits for IDD. The argument for this last restriction is that 
the physician claims data set (OHIP) only permits a single diagnostic code per claim. The concern is that only 
requiring a single physician visit would capture individuals who are being assessed for IDD (and therefore 
receiving an IDD diagnostic code) but who do not end up qualifying for a diagnosis. We also created an 
intermediate algorithm. 

The cohorts produced by the algorithms are nested – that is, the narrow IDD group is a subset of the intermediate 
IDD group which, in turn, is a subset of the broad group. The pool of individuals eligible for classification 
included any adult, aged 18–64, who was alive and living in Ontario on 1 April 2009 and who had at least one 
IDD record in any database. An IDD record was defined as an administrative health record with an IDD 
diagnosis in any diagnostic field. The specific algorithm definitions are: Broad: any inpatient/SDS IDD 
discharge or any ED IDD visit or any physician IDD visits since database inception Intermediate: any 
inpatient/SDS IDD discharge or any ED IDD visit or two or more physician IDD visits since database inception 
Narrow: any inpatient/SDS IDD discharge or any ED IDD visit 

Other variables 

Age and sex were drawn from either administrative health data or the Ontario Registered Persons Data- base 
(RPDB). Age was divided into five groups (18–24, 25–34, 35–44, 45–54 and 55–64). Average neighbourhood 
income and percentage rural were provided through Census intercensal estimated data. Ontario neighbourhoods 
were grouped in approximately equal-sized quintiles from poorest (Quintile 1) to wealthiest (Quintile 5) using 
2006 census dissemination areas taking into account household size and community of residence. Urban– rural 
status was derived from census subdivisions using Statistics Canada’s (2007) Statistical Area Classification of 
Statistics; rural represents the areas that are outside of the commuting zones of larger urban centres with a core 
population of 10 000 or more. Census intercensal estimates also provided the 2009 population denominators for 
calculating prevalence rates. 
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The presence of other clinical conditions was ascertained using the variables listed in Table 1. We used 
previously created Institute for Clinical Evaluative Sciences definitions to determine the prevalence of diabetes 
(Hux et al. 2002), hypertension (Tu et al. 2008), acute myocardial infarction (AMI; Tu et al. 1999), chronic 
obstructive pulmonary dis- order (COPD; Gershon et al. 2009a), asthma (Gershon et al. 2009b) and congestive 
heart failure (Schultz 2012). The psychiatric co-morbidity algorithm was developed as part of an Ontario study 
on mental health disorders and IDD (Lunsky et al. 2012) and included all mental and substance-related 
conditions except for mental retardation diagnoses, psychological development disorders, behavioural/ emotional 
disorders that onset in childhood or adolescence, and sleep disorders (the full list of psychiatric codes used is 
available from the authors). 

Analyses 

We compared the socio-demographic and clinical characteristics of the three cohorts to determine whether the 
observed differences were statistically significant. Standard tests could not be applied for two reasons. First, the 
three cohorts were not mutually exclusive and thus violated the assumption of independent samples. Second, 
even when independent groups could be created (e.g. by comparing the narrow cohort with the new individuals 
added by the intermediate algorithm), the large sample sizes meant that a majority of comparisons would be 
statistically significant even with a conservative P-level (Cohen 1994). 

Consequently, we used the standardised difference, also known as Cohen’s effect size index (Cohen 1992), for 
the statistical comparisons. This statistic is used to represent the magnitude of difference between two 
populations (where 0.2, 0.5 and 0.8 are interpreted as reflecting small, medium and large effect sizes, 
respectively). It is also used when doing propensity score matching to determine whether the test and resulting 
‘control’ groups are ‘balanced’ – that is, acceptably similar (Normand et al. 2001; Austin 2009). A commonly 
used threshold for supporting balance is <0.1 (i.e. less than a small effect size). Standardised differences have the 
advantage that they do not require mutually exclusive samples (relevant since our cohorts were nested) and also 
are independent of sample size. We used the standardised difference in two ways. First, we compared the cohorts 
with each other. Second, we wanted to evaluate the new individuals added by the next broadest definition. Thus, 
individuals in the narrow cohort were compared to the new individuals added by the intermediate algorithm, and 
all of the individuals in the intermediate cohort were compared to the new individuals added by the broad 
algorithm. 

We were also interested in examining the potential impact of the three IDD algorithms on service planning. For 
this analysis, we used an indirect estimation approach, one method used in planning and forecasting when exact 
numbers for a given jurisdiction are not known (Schaible 1996). For each of the three IDD cohorts, we took the 
percent- ages for the socio-demographic and clinical characteristics we examined and applied them to a 
hypothetical ‘population’ of 50 000 individuals with IDD. The figure of 50 000 was calculated by applying a 
0.5% prevalence rate [in keeping with the adult rate for ID reported in a recent meta-analysis by Maulik et al. 
(2011) as well as adult rates for IDD found in a national postcensal Canadian survey by Human Resources and 
Skills Development Canada (2006)] to an adult population of 10 million people (roughly the size of the 18- to 
64-year-old Ontario population; Statistics Canada 2012). This method allowed us to compare the numbers of 
individuals, estimated by each algorithm, who might require targeted outreach or intervention services because 
of their socio-demographic or clinical characteristics. 

SAS software was used to calculate the descriptive statistics and Excel to calculate the standardised differences 
and estimated numbers of individuals needing targeted care. 

Results 
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As would be expected, the number of individuals identified as having IDD decreased as the restrictiveness of the 
definition increased (Table 3). The broad algorithm identified over 67 000 individuals with the number dropping 
by 34% for the intermediate and again by 77% for the narrow algorithms. These translate into IDD prevalence 
rates per 100 of 0.80, 0.52 and 0.18, respectively. Table 3 also shows the socio-demographic and clinical 
characteristics of the three IDD cohorts. Of note is the clear relationship between age group and prevalence with 
the rates for the youngest age group being 2 to 2.5 times the rates for the oldest across all three algorithms 
(broad: 1.42 vs. 0.56; intermediate: 0.91 vs. 0.36; narrow: 0.30 vs. 0.14, respectively). 

Figure 1 shows the standardised differences for the three cohorts compared to each other (left side) and for each 
cohort compared to the new individuals added by the next broadest algorithm (right side). For the cohort versus 
cohort comparisons, all three could be considered reasonably similar in that all the standardised differences 
except one are below the commonly used threshold of <0.1 (solid vertical line). The one exception is the 
percentage with psychiatric co-morbidity where the narrow cohort differs from the intermediate (0.29) and broad 
(0.36) cohorts. These standardised differences fall within the small effect size range. 

The cohort versus added individuals comparisons (Fig. 1, right side) show greater differences although still 
below the 0.2 threshold for a small effect size (dashed vertical line), again with the exception of percentage with 
psychiatric co-morbidity. Compared to the intermediate cohort, the new individuals added by the broad 
algorithm (white diamonds) have a higher proportion of women and urban residents, a considerably lower rate of 
psychiatric comorbidity and lower rates of diabetes and congestive heart failure. Compared to the narrow cohort, 
the new individuals added by the intermediate algorithm (grey diamonds) have considerably lower rates of 
psychiatric comorbidity and lower rates of congestive heart failure. 

Table 4 shows the results of the comparisons on a hypothetical population of 50 000 individuals with IDD. The 
estimated numbers based on the broad and narrow cohort percentages are compared with the intermediate cohort. 
This was chosen as the reference because the intermediate algorithm produced a prevalence rate closest to the 
0.5 reported by both Maulik et al. (2011) for adult and adult- plus-child/adolescent ID populations and a national 
Canadian survey (Human Resources and Skills Development Canada 2006) for adult Canadians with IDD. For 
ease of reading, absolute differences of 1000 or more (equivalent to a misclassification proportion of 2% or 
greater of the hypothetical IDD population) are bolded while absolute differences of 5000 or more (equivalent to 
a 10% or greater misclassification) are both bolded and italicised. 

Compared to the intermediate algorithm, the narrow algorithm produces a more skewed age distribution (fewer 
individuals under age 35, more individuals 54 years and older) and identifies more rural individuals and a higher 
proportion with psychiatric co-morbidity and diabetes, but a lower proportion with asthma. The broad algorithm 
identifies more women, more urban residents and more individuals without psychiatric co-morbidity. To give a 
specific example, the intermediate algorithm would ‘miss’ 1050 men when compared to the broad estimate but 
‘overshoot’ the narrow estimate by 300 men. 
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Table 3.  Treated prevalence rates and sociodemographic and clinical characteristics of individuals with 
IDD using three administrative data algorithms 
 
 
 
Characteristic 

IDD Algorithm 
broad 

(n = 67,337) 
intermediate 
(n = 44,161) 

narrow 
(n = 15,487) 

Prevalence (overall) 
 
By age groups 

18-24 years 
25-34 years 
35-44 years 
45-54 years 
55-64 years 

0.80 
 
 

1.42 
0.79 
0.68 
0.66 
0.56 

0.52 
 
 

0.91 
0.53 
0.45 
0.44 
0.36 

0.18 
 
 

0.30 
0.17 
0.16 
0.17 
0.14 

Sociodemographic characteristics 
% Age groups    

18-24 years 26.9 26.4 24.8 
25-34 years 20.6 20.9 19.3 
35-44 years 19.5 19.4 19.5 
45-54 years 20.3 20.6 22.6 
55-64 years 12.7 12.6 13.8 

% Male 55.7 57.8 58.4 
% Rural 13.4 14.5 15.5 
% Income quintile     

Quintile 1 - Low 26.3 27.0 26.7 
Quintile 2 21.0 21.1 21.0 
Quintile 3 18.0 17.8 17.9 
Quintile 4 17.6 17.4 17.7 

Quintile 5 - High 15.9 15.6 16.0 
Clinical characteristics 

% other psychiatric 
disorder 

53.8 56.9 70.8 

% diabetes 9.1 9.9 11.0 
% hypertension  13.5 13.6 13.8 

% acute MI 0.5 0.5 0.5 
% COPD  5.1 5.6 6.5 
% asthma  18.1 17.6 16.0 

% congestive heart failure 1.0 1.3 1.8 
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Figure 1.  Standardized differences:  Cohort vs. Cohort and Cohort vs Added-Individuals  
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Table 4.  Variance of estimated numbers of individuals with particular sociodemographic or 
clinical characteristics among a hypothetical population of 50,000 individuals with IDD 
 
 
 
Characteristic 

 
Intermediate 

Estimate 

Difference from Intermediate Estimate 
Broad 

Estimate 
Narrow 
Estimate 

% Age groups 
18-24 years 13,200 +250 -800 
25-34 years 10,450 -150 -800 
35-44 years 9,700 +50 +50 
45-54 years 10,300 -150 +1,000 
55-64 years 6,300 +50 +600 

% Male 28,900 -1,050 +300 
% Rural 7,250 -550 +500 
% Income quintile  

Quintile 1(Low) 13,500 -350 -150 
Quintile 2 10,500 0 0 
Quintile 3 8,900 +100 +50 
Quintile 4 8,700 +100 +150 

Quintile 5 (High) 7,800 +150 +200 
Clinical Characteristics 
# psychiatric 
comorbidity 28,450 -1,500 +6,950 
# diabetes 4,950 -400 +550 
# hypertension  6,800 -50 +100 
# acute MI 250 0 0 
# COPD  2,800 -250 +450 
# asthma  8,800 +250 -800 
# congestive 
heart failure 650 -150 250 
 

Discussion 

Population-based administrative health data sets are the best source of information on healthcare use and 
are particularly valuable in comparative analyses between IDD and non-IDD populations. As suggested 
by the literature, there may be important numbers of individuals with IDD who are missed when 
specialised data sets such as case registries or support recipients are used. We created three algorithms 
based on two different case identification approaches described in the literature in which the competing 
goals were balancing sensitivity and specificity versus emphasising sensitivity. In general, the three IDD 
algorithms create cohorts that are ‘acceptably similar’ (based on their standardised differences) in their 
socio-demographic and clinical characteristics. The one exception is that the narrow algorithm identifies a 
group with more psychiatric co-morbidities albeit the difference is at the small effect size level. 

The major difference among the three algorithms is the resulting prevalence rate. The broad algorithm 
yielded a rate that was four times that of the narrow algorithm. Assuming that a prevalence rate of 0.5 
(Human Resources and Skills Development Canada 2006; Maulik et al. 2011) is a legitimate criterion, the 
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broad definition appeared to be overly sensitive, the narrow one overly specific. Thus, the algorithm of 
choice would be the intermediate definition. 

The higher prevalence rates in the youngest age group is consistent with findings reported elsewhere 
(Human Resources and Skills Development Canada 2006; Ouellette-Kuntz et al. 2010; Maulik et al. 
2011). One explanation for our results is clearly methodological. Because the earliest database was 
created in 1988, older cohorts have fewer chances compared to younger cohorts of being identified since 
their IDD service contacts may have occurred when they were younger – that is, before database 
inception. A second explanation explored by researchers such as Hertz-Picciotto & Delwiche (2009) who 
examined the reasons for rising rates of autism (Centers for Disease Control and Prevention 2012) is that 
this is partly due to changes in diagnostic criteria for the autism spectrum disorders (ASD). It will be 
important to monitor these types of age-related patterns longitudinally to determine whether this is a 
cohort effect or whether, through processes such as higher mortality or some other type of attrition, it is 
an age-related phenomenon. 

Beyond establishing prevalence rates, developing reliable case identification methods is important to 
IDD-related policy development and service planning (Adams et al. 2009; Mercadante et al. 2009). As 
demonstrated by our analyses, variations in the chosen algorithm may impact the proportion of 
individuals who have both IDD and a psychiatric co-morbidity. Our narrow algorithm identified a 
meaningfully larger proportion of individuals with both conditions compared to the intermediate 
algorithm. Statistically, the difference was consistent to a small effect size. However, it represents a 
difference of 6950 persons on a hypothetical population of 50 000 individuals with IDD, which is 
equivalent to a 14% disagreement between the two algorithms (i.e. a difference of 6950 individuals who 
were not detected by the intermediate algorithm). An important question is whether our narrow algorithm 
may have overdetected psychiatric co-morbidity because of the mandatory yes/no question in the 
OMHRS data (Martin et al. 2007). However, regardless of the source of the algorithm disagreement, 
either over- or underidentification of this group would have important real-life implications given the 
costs and complexity of the care and supports these individuals need. Thus, a keen awareness of the 
potential biases and limitations in the data on which the extrapolation is based is essential. 

Statistical comparisons may not always be helpful for practical applications. For example, the two types 
of comparisons we made converged in identifying some meaningful differences (e.g. ‘% with psychiatric 
co-morbidity’), but they were not always consistent. For example, for the broad and inter- mediate 
algorithms, the standardised differences for ‘% male’ and ‘% rural’ were less than 0.1 (for the cohort vs. 
cohort comparison) and between 0.1 and 0.15 (for the cohort vs. added individuals comparison) – both 
less than a small effect size. However, the number of men is nearly twice the number of rural residents 
that were ‘misclassified’ (1050 vs. 550) by the broad algorithm. Whether these differences are important 
depends entirely on the context. If men or rural residents with IDD are heavy users of resource-intensive 
services and require specialised outreach or interventions to decrease such use, then even small 
discrepancies in planning estimates may have significant economic and social consequences. On the other 
hand, if the impact of ‘misclassification’ is minor, then these differences would be inconsequential. As 
noted earlier, a conventional threshold of <0.1 is used for standardised differences. However, Austin 
(2009) cautions that there is no clear consensus on what threshold to use. 
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The primary limitation of our study is the lack of external validation of our IDD cases. Other studies have 
dealt with this limitation in a variety of ways including accepting eligibility evaluations for IDD- related 
services at face value, incorporating multi- stage survey designs or employing multistage and labour 
intensive strategies to establish valid and reliable case finding (e.g. van Schrojenstein Lantman-de Valk et 
al. 2006). We could find only two published validation studies involving administrative health data, both 
limited to ASD. One by Dodds et al. (2009) used existing clinical information to validate the 
administrative data while the other (Van Naarden Braun et al. 2007) used more standard reabstraction 
methods but only on a sample of cases. This is clearly an issue that awaits further work and perhaps 
innovative thinking. 

This limitation has some important implications. First, as noted earlier, health administrative data are 
invaluable for population level comparisons using broad diagnostic categories (e.g. IDD) but less 
effective for evaluating narrow diagnostic groupings (e.g. different types of IDD) (cf. Kisely et al. 
2009a,b). A more appropriate vehicle would be a combination of administrative and clinical data, such as 
is used in standard validity studies. An important issue for this approach would include evaluating and 
making recommendations about the type and quality of clinical documentation needed to support the 
identification and care of individuals with IDD. 

The second implication of the lack of external validation relates to our preference for the intermediate 
algorithm, particularly over the broad algorithm. This was based on two assumptions:  that the prevalence 
of IDD is approximately 0.5 and that the broad definition is overly sensitive. As noted above, the rate of 
0.5 was reported in a meta- analysis which did not include ASD (Maulik et al. 2011) and in a Canadian 
survey which did (Statistics Canada 2001). The literature provides mixed results for estimating what the 
prevalence of IDD might be. These differences are due to both variations in the definitions used and a 
lack of clarity about what the overlap is between ID and ASD (Fombonne 2009; Brugha et al. 2011; 
Pinborough- Zimmerman et al. 2011). Based on these mixed results, we conclude that we have chosen a 
conservative threshold under conditions where the true prevalence of IDD in adults is still uncertain. 

The assumption that the broad definition is overly sensitive cannot be evaluated using administrative data 
alone. Minimally, both validation data and a clear understanding of the purpose of the analysis are 
required to establish the acceptable balance between sensitivity and specificity. The sole difference 
between the broad and intermediate algorithms is the inclusion of individuals who have only a single 
physician visit where IDD has been coded. Our physician billings data have features which increase the 
likelihood of false negatives: there are only two broad codes available for IDD (mental retardation; 
childhood psychoses, e.g. autism) and only one diagnostic field allowed per claim. In the absence of 
validation data, however, we have no way of assessing the magnitude of the false positives versus the 
false negatives. The study by Dodds et al. (2009) reported that autism algorithms which included single 
physician visits showed the expected pattern of a higher sensitivity but lower specificity than those which 
raised the threshold to two or more visits. Extrapolating these findings would suggest that our broad 
definition includes higher rates of false positives. However, comparable validity studies are not available 
for other IDD diagnoses or for the specific database we used. Future research as well as policy 
discussions would allow more definitive comment on this point. 
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A second limitation is that, despite the value of using health administrative data, they still do not identify 
all individuals with IDD and thus underestimate the true prevalence. Linkages with other sources of data 
may provide more accurate figures. 

There are important benefits of using administrative health data in IDD research. They provide useful 
information for broad-based service planning and for population level comparisons around access and 
quality of care, particularly if the comparison groups are thoughtfully chosen. In terms of what 
algorithmic approach to use, our comparisons suggest an important value in going back to data- base 
inception, or at the very least, having a lengthy time window for identifying IDD cases as well as 
requiring a two-visit threshold for physician visits. However, it is important either to recognise that the 
proportion of persons with IDD and concomitant mental health problems may vary depending on the 
chosen algorithm or to try to supplement the administrative health data with more specialised information 
sources, a point that is also made by other authors (Dodds et al. 2009). 
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