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Background 
Neighbourhood level information is essential for Public Health Units (PHUs) to effectively assess, plan, 
and evaluate health services and programs in order to decrease health inequities and address the needs 
of priority populations at the local level.  

One way to analyze this information is by utilizing small area analysis. Small area analysis (SAA) describes 
statistical methods or techniques used to produce adequate estimates when there is insufficient 
information or small sample size. It is also referred to as small area estimation or small domain analysis. 
Although the term ‘area’ is used, the concept can also refer to groupings other than geographical 
districts, such as socio-demographic groups or other structural characteristics that partition the 
population. 

Survey data such as the Canadian Community Health Survey (CCHS) and the Rapid Risk Factor 
Surveillance System (RRFSS) are available for estimating population health practices and behaviours. 
However, the sampling design and weighting scheme is structured such that health indicator estimates 
are often only recommended for calculation at the PHU, Local Health Integration Network (LHIN) and 
provincial levels.  

PHUs face a number of challenges with trying to obtain high quality estimates at the neighbourhood 
level. Resources are often unavailable to collect additional samples to accurately represent the 
neighbourhood, or the sample size in existing data sources may be too small to provide reliable health 
indicator estimates. While administrative data do not pose the same challenges as survey data, many of 
these data sources do not contain variables for neighbourhoods and would need to be added by custom 
geospatial methods. 

Rationale for resource document 
We created this document in response to the results of a survey completed by all 36 PHUs in 2017. The 
majority of PHUs stated being asked by community partners or LHINs to present or analyze data for 
small areas, and almost all PHUs routinely or occasionally examine information below the health unit 
level. The majority of health units report data by municipality and information was most often used for 
the purposes of program planning and population health assessment.  

Although more than half of the PHUs have applied small area analysis methods to complex survey data 
such as CCHS, less than 20% of health units are moderately or very comfortable/confident with small 
area methods. Survey respondents also reported an interest in having SAA resources, such as a how-to 
guide that would show how to prepare the data, SAA method options, and how to calculate estimates 
based on Ontario specific examples. 

The submission of two proposals related to the topic of SAA from two separate PHUs during the 2016 
Locally Driven Collaborative Projects (LDCP) funding cycle also shows there is an interest in SAA from the 
field. With Patients First1 formalizing the connection between LHINs and Boards of Health in December 
2016, along with the modernization of the Ontario Public Health Standards (OPHS 2018), we anticipate a 
growing need for small area population health data. 

http://www.publichealthontario.ca/en/ServicesAndTools/LDCP/Pages/default.aspx
http://www.health.gov.on.ca/en/ms/ecfa/healthy_change/
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Purpose of document 
The purpose of this document is to provide PHUs with a decision making process when addressing 
questions at the small area level, including examples of small area analysis methods and when they may 
be applicable. This document is not intended to be a step-by-step manual. As SAA encompasses a variety 
of methodologies, we do not provide an exhaustive list of techniques. Instead, we discuss methods that 
PHUs could find practical to use in their routine work, based on information we gathered from the 
literature, discussions with other organizations doing similar analysis, and results from a survey of all 
PHUs in Ontario.  

It is expected that users of this document will have experience in using common data sources available 
for population health assessment and surveillance, reporting indicators using complex survey data, and 
statistical model building techniques. When choosing a small area method, knowledge and expertise 
about the local context, availability of resources and understanding of the situation and methodology 
should be included as part of the decision making process.  

Considerations for SAA 
When presented with a request asking for small area information, a number of issues should be 
discussed with the requestor prior to beginning the analysis. As considerable staff time and resources 
are often required to develop, check, and release information, there should be justified demand to do 
this work. 

It is important that everyone involved in the decision to undertake a SAA exercise have a clear 
understanding of the decisions, trade-offs, and assumptions that need to be made in order to provide 
the end user with useful/meaningful output to answer the original question.  

Is the large area estimate sufficient? 
Depending on the purpose of the request, the nature of the problem you are trying to solve, and 
assumptions you are willing to make, a PHU, LHIN or other large area estimate may be adequate to 
answer the question posed. Below are some questions to help initiate your discussion with the 
requestor when considering if a large area estimate may be sufficient. 

• Are the characteristics of the small area similar to the area with an appropriate estimate?  
• How will the information be used in the decision making process? 

o Do you have a specific purpose in mind for the information (e.g., to support allocation of 
large funds for public health program and service planning, creating targeted interventions, 
to fulfil requirements in the OPHS? 

o Will the information be used to support action? Is the information required before public 
health action can be taken?  

o Are there activities that may arise from the small area analysis? Interventions that target 
large populations (e.g., water fluoridation) may not be supported by a small area analysis 
and may be best supported by PHU-level analysis. 
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• Do you anticipate having to produce this information on a regular basis? Or is the information 
required for a one time purpose? 

• What is the tolerance for imprecision?  The number of assumptions or approximations made may 
limit the usefulness of results from SAA for some questions. 

What domain size is required for a meaningful analysis? 
There is a relationship between the domain size for which you are producing an estimate, and the 
degree of accuracy/confidence in the output produced. As the size of the domain becomes smaller (e.g., 
sample size becomes smaller), the less confident or accurate the estimate becomes. It is important to 
determine if the minimum domain size to produce accurate enough results that are meaningful to the 
decision maker aligns with the small area request. 

When assessing a request asking for domains of questionable size (i.e., is the domain too small?), a 
general sample size calculation can be used to get an approximate sense of what domain size is needed 
to produce a meaningful estimate. For example, would it be more appropriate to calculate estimates at 
the level of Census Subdivision (CSD) or Dissemination Area (DA)? Knowing the prevalence of factor (x) 
with confidence interval (y), the required domain size (z) can be calculated using a direct estimation 
method. This calculation applies to both survey and administrative data. 

Is the data representative of the small area? 
As it is impractical to survey the entire population, weights are used to adjust for survey respondents 
having unequal probabilities of being included in the survey sample. Applying weights in the analysis 
allows for the results to be generalized to the appropriate sampling frame (e.g., PHU or LHIN* for CCHS 
data). When the decision is made to undertake an analysis of survey data that is not based on the 
intended sampling design frame (i.e., analyzing CCHS data at the CSD level instead of a PHU or LHIN 
level), one should be aware of the potential for data quality issues that may arise. Depending on the SAA 
request, you will have to determine what elements/indicators (e.g., sex, age structure, income) are 
important for evaluating the appropriateness of the small area sample.  Although two examples for 
assessing CCHS data representativeness are described below, you may need to take a different approach 
depending on the goal of the analysis. 

EXAMPLE ONE: ESTIMATE FOR LHIN SUB-REGION 

In the first example, the Health Analytics Branch of the Ontario Ministry of Health and Long-Term Care,2 
used three qualities to determine the suitability of a combined CCHS survey sample (2007/08 and 
2009/10) for producing estimates at the level of LHIN sub-region. Data were assessed for sample 
coverage, sample representativeness, and age structure of the sample (Table 1). Each LHIN sub-region 
was scored and categorized into ‘unrestricted use’ (overall score of 0 to 3 points), ‘use with caution’ 
(overall score of 4 to 5 points) and ‘do not release’ (overall score of 6). LHIN sub-regions were also 
suppressed if serious issues with data quality were identified that were not captured by the scoring 
system (e.g., if an area received a score of 1 or more in all three flags).  

                                                           

*Oversampling to create reliable estimates at the LHIN level ended in the 2015 CCHS cycle 
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Table 1: Assessment criteria for producing small area samples and the quality of estimates derived from 
them 

Flagging scheme Score 

Sample coverage  

• Number of sampled respondents (un-weighted) who contribute to 
resulting calculation 

Sample ≥30 then score = 0 

Sample 10-29 then score = 1 

Sample <10 then score = 2 

Sample representativeness 

• % difference = (Census LHIN sub-region population – CCHS 
weighted LHIN sub-region population) / CCHS weighted LHIN sub-
region population 

% diff <5 then score =0 

% diff 5-49 then score =1 

% diff ≥50 then score = 2 

Age structure of the sample 

• Absolute difference = Σ(CCHS weighted sub-region [% of age 
group*] – Census LHIN sub-region [% of age group]) 

abs diff <5 then score =0 

abs diff 5-9 then score =1 

abs diff ≥10 then score =2 

*age groups = 12-19yr, 20-29yr, 30-44yr, 45-64yr, 65+yr 

EXAMPLE TWO: ESTIMATE FOR SERVICE DELIVERY AREA 

In a second example, Toronto Public Health (TPH) has used the following internal general guideline to 
help determine the appropriateness of analyzing CCHS data at the level of Service Delivery Area (SDA) 
for one of their programs. Data are first assessed against four criteria – age and sex coverage, age and 
sex distribution (absolute difference), age and sex distribution (relative difference), low income 
distribution (Table 2). Depending on the outcome of each criterion, the decision to produce estimates at 
the SDA level is made. If the data are deemed appropriate for SDA analysis, a subsequent check is then 
applied to assess if the information can be reported with caution and a footnote (coefficient of variation 
(CV) = 16.6 to 25), or should be supressed (CV >25†)).  

Table 2: Assessing CCHS data for use at the level of Service Delivery Area 

Criteria Threshold Decision 

Three age groups and two sex 
groups* sufficiently covered within 
the sample (n) 

Okay:  n ≥ 50 

Caution: n is 30 to 50 

Problem:  n ≤ 30  

No analysis at SDA level if one or more 
of the three age groups or two sex 
groups has n<30 

                                                           

† TPH uses a threshold lower than what is recommended by Statistics Canada. 
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Criteria Threshold Decision 

Absolute weighted (N) distribution 
for SDA in three age groups and two 
sex groups* similar to expected 

Absolute difference = weighted 
CCHS (group %) – Census (group %) 

Okay:  <5% points 

Caution: 5% to <10% 
points 

Problem:  >10% points 

**Flag if one or more of the three age 
groups or two sex groups exceeds 10% 
points. 

Relative weighted (N) distribution 
for SDA in three age groups and two 
sex groups* similar to expected 

Relative difference = [(CCHS group % 
- Census group %) / Census group %] 
x 100  

Okay:  <15%  

Caution:  15% to <30%  

Problem:  ≥30%  

**Flag if one or more of the three age 
groups or two sex groups exceeds 30% 

Absolute weighted (N) % of low 
income measure (LIM) for SDA 
similar to expected 

Absolute difference = CCHS (% living 
below the LIM) – T1FF (% living 
below the LIM) 

Okay: <5% points 

Caution:  5% to <10% 
points 

Problem:  ≥10% points 

**Flag if one or more of the three age 
groups or two sex groups exceeds 10 
percentage points 

*Three age groups (20-39, 40-64, 65+), two sex groups (male, female) 
**No analysis at SDA level, if a flag is raised for at least two of the three criteria 

Should modelling be considered to create an estimate? 
If data are not adequately representative of a small area, modelling might be considered. Prior to 
undertaking a modelling exercise, you should consider if developing a model is an appropriate option. As 
written by British statistician, George Box, ‘all models are wrong, some are useful’.3 Sometimes it is 
more important to have partial answers than to have the most complete answer before taking action. 
Models may be valuable in situations where an area has unique characteristics that relationships from 
larger areas cannot easily explain (e.g., environmental or service based factors) or where adjusting for 
confounding is required. 

Although more complex SAA methods (i.e., creating statistical models) should theoretically improve the 
accuracy/confidence of an estimate, there is no guarantee that any increase you gain by conducting this 
analysis outweighs the time, effort and resources required. Some issues to think through if you are 
considering a modelling exercise include: 

• Your confidence in the predictors being able to explain your variable of interest. Are you confident 
that the predictor variables you’ve included in the model are valid and most relevant to the 
outcome variable of interest? 

• The robustness of the model: the more assumptions you make, the less robust the model becomes. 
• How informative is the model output? Depending on the complexity of the model, the output may 

be more difficult to interpret and communicate to a lay audience. 
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• Does the method need to be transparent? Complex methods, such as model building, may be more 
difficult to replicate by others and often are not as transparent as simpler methods.  

• Consider the importance of the decision being made. Information that may be used to drive further 
enquiry or have low resource implications may be more tolerant of estimate imprecision/inaccuracy 
than high resource decisions. 

• How often do the data change? Updates to model inputs will impact the results of the model 
output. 

• Availability of resources and expertise to undertake a modeling exercise. Model building can be 
complex and may require a higher level of statistical expertise to implement. 

Defining geographic areas 

Boundary relationships and alignment 
Generally, the geographic area selected for the small area will depend on the type of data you have and 
the question of interest. A number of geographic areas can be created using various levels of geography 
in Ontario. Common geographies include: 

• Statistics Canada’s Standard Geographical Classification (SGC) 
• Public Health Units (PHUs) 
• Local Health Integration Network (LHIN)/ LHIN sub-region 
• Postal codes 

Each of these areas were established for various purposes and as a result, their boundaries are 
interrelated and may overlap with one another. For example, SGC geographic areas were initially 
developed for disseminating statistics from the population census and LHINs were established as a way 
to plan, fund, and manage health services. 

Statistics Canada’s Standard Geographical Classification (SGC) 
Many geographies make up the SGC, ranging in size from the provincial level to the block level. 
Unfortunately, not all of these geographies line up well with each other, making it difficult to aggregate 
numerator or denominator data between geographies. Statistics Canada has created the ‘Hierarchy of 
standard geographic units’ for the Census years as a quick reference guide to determine how (and if) 
each of the geographies align.4 

It is strongly recommended to follow the above hierarchy and accompanying reference documentation 
when trying to aggregate between census geographies. Since not all census geographies line up, as 
visualized within the hierarchy document, caution needs to be used when aggregating. For example, if 
one wanted to represent data at the census subdivision (CSD) level and they had dissemination area 
(DA) attributes, it would be a relatively simple aggregation. However, if one only had forward sortation 
areas (FSAs), aggregation to CSD would not be recommended, unless one is willing to accept the 
corresponding degree of error.  
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PHUs and LHINs/LHIN sub-regions 
PHUs are largely made up of municipalities, townships, districts, counties and/or cities, as outlined in 
Regulation 553 – Areas Comprising Health Units of the Health Protection and Promotion Act.5 LHINs are 
not as neatly-structured in their make-up as PHUs, often splitting cities and other administrative 
boundaries. 

Each LHIN is further divided into LHIN sub-regions. Since the LHIN sub-regions are relatively new, 
alignment to other boundaries (e.g., SGC, PHUs) is still being explored. Initial investigations, however, 
show that the LHIN sub-regions only align to LHIN boundaries. 

PHU and LHIN boundaries (and LHIN sub-regions), in many parts of the province do not line up, making 
any type of data aggregation next to impossible in many areas (Appendix A).   

Postal Codes 
Postal codes were designed specifically for the purposes of efficient postal delivery and therefore, do 
not take into account administrative boundaries (including any health related boundaries). Postal codes 
are made up of forward sortation areas (FSA) (the first three characters) and local delivery units (LDUs) 
(the last three characters). The first character of the postal code essentially designates the code to a 
province/territory, with characters ‘K’, ‘L’, ‘M’, ‘N’ and ‘P’ falling within Ontario. The more characters 
available from a postal code, the more likely one can assign an area covered by that postal code. The 
areas of postal code coverage do not align well with administrative boundaries, and therefore 
aggregating to other geographies using postal codes generates additional concerns. Particularly in rural 
areas, postal codes or FSAs may include disparate areas that don’t align well with the question being 
asked. 

Full postal codes are often represented by points within a geographic information system (GIS) instead 
of a polygon, which represents an area. This method of representation further complicates trying to 
assign postal codes to administrative levels of geography. Statistics Canada has created a product known 
as the Postal Code Conversion File (PCCF) to aid in the assignment of a postal code to a census DA. The 
PCCF is a data file which provides a single link called the single link indicator (SLI) which assigns a postal 
code to the best single match census geography.4,6  

A companion product (PCCF+) uses a population weighted method to assign postal codes to all census 
geographies covered. The PCCF+ is only available in SAS. Representing postal codes using points may 
convey an inaccurate message of the distribution of the events being attributed to or within the small 
area.  

Custom boundaries 
The initial small area analysis question should be reviewed to determine if existing, predefined 
boundaries can be used. If not, either custom geographic boundaries may need to be developed, or the 
question may need to be modified in order to use predefined boundaries.  An example of custom 
boundaries are health unit neighbourhoods. The process of creating custom boundaries will depend on 
many factors (e.g. physical and demographic aspects of neighbourhoods)7 and is beyond the scope of 
this document. To help you decide whether or not custom boundaries should be created as part of your 
SAA request, we have provided a list of questions and issues to consider: 

https://www.ontario.ca/laws/regulation/900553
http://www.statcan.gc.ca/pub/92-154-g/2013001/overview-apercu-eng.htm
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• Could the question be answered using existing geographies? 
o Due to the complexity and number of factors involved, the process of creating custom 

geographies should be avoided wherever possible.   
• What type of geographic information is available in the data that I am working with? 

o Do these data support the planned creation of custom geographies (i.e., the tabular data are 
already aggregated to such geographies)? 

o Is auxiliary data readily available (e.g., denominator data)? Custom geographies may require 
additional work to align data to match the new customized aggregated boundaries. If 
custom geographies are made up of existing census geographies (e.g., combinations of 
Census Tracts and Dissemination Areas), additional work would be required to combine the 
data to match the new customized aggregated boundaries. 

• What am I trying to compare across the geographic areas?  
o Are there characteristics of the geography (e.g., per cent of low income housing, population 

density, diversity of community resources) or issues with existing geographies that should 
be avoided that may influence the outcome based on the aggregation of the data?  

• How will the results be communicated? Depending on the target audience, geographic areas should 
be based on familiar or relevant frameworks (e.g., municipalities, PHUs).  

• What are the time and resources available? Custom boundaries often require additional time and 
resources compared to using predefined boundaries. 

o Custom geographic boundaries require someone with GIS experience and knowledge to 
ensure the boundaries are generated correctly and can ensure the created boundaries are in 
the proper format for statistical, analytical and visualization purposes. 

• Will the data be used for a one time purpose, or for ongoing analysis? If you need to be able to 
compare the geographic area over multiple years or on an ongoing basis, you should account for 
changes or updates to geographic boundaries. Some of the determinants that directed the original 
neighbourhood boundaries may be changed by built environment processes (e.g. new roadways) or 
changes in the underpinning neighbourhood characteristics due to effects like gentrification. 

Types of small area methods 
Methods in small area analysis can be classified in many ways, for example, direct estimation versus 
indirect estimation, model based versus design based, and Bayesian versus the frequentist approach.8-12 
Small area methods can range in complexity from simpler techniques such as pooling or aggregating 
datasets to increase sample size13 to complex model building.12 Although simpler methods can be easily 
interpreted, and are reproducible and transparent, modelling methods can be used to produce more 
precise estimates, but often require more expertise and time to implement. There is no one-size-fits-all 
solution; the SAA approach depends on the nature of the data and the specific question being 
answered. The choice of small area methods often depends on context, client needs, and availability of 
both data and staff resources. Four common small area methods are described and compared below, in 
addition to a decision aid for to assist users select a SAA method (Table 3).  
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Pooling data 
Pooling data consists of combining data over time or space to increase sample size for the small area.14-

17 Before pooling, the data should be assessed for comparability of variables in measuring the same 
quantities (e.g., sample design, survey questions, modes of interviewing) and similarities in the target 
group characteristics (i.e., comparability of samples).18,19 Think about what the target population of the 
pooled sample represents, as an artificial population is created when multiple surveys are combined 
(e.g., different populations surveyed at different points in time). This may be of particular concern if the 
phenomenon being measured is changing over time (e.g., smoking rates) or the underlying population is 
changing (e.g., a growing population in a region of new development). 

Two common approaches are often discussed when combining data from multiple surveys: separate and 
pooled. In the separate approach, estimates are calculated for each survey separately and then 
combined. For the pooled approach, data are combined to create a single data file where survey weights 
are adjusted and/or scaled, and the data are treated as one large sample. Generally the resulting 
estimate will vary based on the method selected. Depending on the goal of the analysis, one method 
may be preferred over the other.13 

ASSUMPTIONS/REQUIREMENTS 

• The variables being combined measure the same thing and were measured the same way. 
• The concept/characteristic being measured is comparable across the datasets/cycle. 
• The populations being targeted/sampled by the different sources are similar/comparable. 
• The estimate should be similar between the cycles to produce a meaningful combined estimate. 
• Geography boundaries have not changed between cycles/surveys. 
• Requires independence between samples for variance calculation. 

ADVANTAGES 

• Simple to conduct, relatively straight forward. 
• Easy to interpret. 

LIMITATIONS 

• Changes in the indicator rate over time are obscured if pooling data over multiple time periods. 
• Artificial population is created when multiple surveys are combined. 

Synthetic estimation – Indirect 
Synthetic estimation is a term used to describe an indirect method where a reliable direct estimator is 
obtained for a large area that spans several small areas and then used to derive an indirect estimator for 
a small area. Generating estimates using synthetic estimation involves applying estimates from the large 
area for specific population factors (e.g., age group, sex, social class) to the small area population 
composition. Synthetic estimation assumes that the estimates for each subgroup apply uniformly in the 
small area as the large area and the estimate for the large area is unbiased and valid.11,20 Often the 
weighted average of the mean values for characteristics of the subgroups in the large area are 
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calculated with weights that are proportional to the distribution of the subgroups in the small area 
population.  

ASSUMPTIONS/REQUIREMENTS 

• Large area needs to be of sufficient size so that a direct estimate is reliable. 
• Information correlated with the variable of interest is available at the small area level to derive an 

estimate that adjusts for compositional differences in small areas. 
• Assumes the estimate of proportion for a given large area applies uniformly to each and every small 

area. This means that it assumes the differences in the outcome of interest are solely due to 
differences in the socio-demographic composition. 

• Assumes that the same deterministic relationship (i.e., exact relationship) between the variable of 
interest (response) and the auxiliary variables (predictors) holds across a range of small areas. 

ADVANTAGES 

• Simple to conduct, relatively straight forward. 
• Can allow for changes in the proportion of outcome by demographic characteristics of the small 

area. 
• Easy to interpret. 

LIMITATIONS 

• Difficult to verify if small areas are homogenous within the large area. 
• Does not take into account differences between the small areas that are not explained by the 

predictors. 

Synthetic estimation – Regression model 
Synthetic estimates can be improved by using a model for the construction of the estimate, as this 
allows for the effect of variables (e.g., age and sex) and the interactions between these factors, on 
outcomes of interest (e.g., presence of disease or risk factor) to be estimated. A regression based 
synthetic model typically involves using standard generalized linear modelling techniques to select a 
model to predict the outcome for each small area. The regression model estimates are then applied to 
the auxiliary data at the small area (e.g., Census) using the same explanatory variables.  

Depending on the outcome of interest, this could include linear models for continuous data or 
generalized linear models (e.g., Poisson or logistic). As most public health data are area level data with 
count (discrete) data, a Poisson model can be used. Area level models are also chosen when person level 
data are not available, or when reliable auxiliary data are only available at the area level. 

ASSUMPTIONS/REQUIREMENTS 

• Requires the availability of high quality auxiliary data to area-level and/or unit-level that are 
potentially correlated (both theoretically and observed) with the variable of interest. 

• Requires access to statistical software. 
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• For the Poisson distribution, the variance is equal to the mean. Where the variance is greater than 
the mean (over dispersion), adjustments to the Poisson model is required to account for this 
variance, either by using a quasi-Poisson regression, or a negative binomial regression. 

ADVANTAGES 

• Able to produce a higher level of accuracy compared to synthetic estimation – indirect. 
• Area level auxiliary data requires area-based data (i.e., grouped data vs. individual data). 
• Able to predict estimates for areas with sparse or no samples. 

LIMITATIONS 

• Requires a higher level of statistical expertise to implement and interpret results. 
• Works best when all relevant auxiliary variables that help predict the response variable are 

available, accurate, and can be included in the model. 
• Model building and validation can be resource intensive. 

Synthetic estimation is appealing because of its simplicity. The demographic characteristics of the small 
area are often available from the Census, and the direct estimates by these demographic classes are 
easily obtainable from national/provincial surveys.21 Because this method is based on the assumption 
that rates for each subgroup apply uniformly across all areas,22 it assumes that the differences in health 
behaviour measures between areas are due solely to differences in their demographic composition. If 
two areas had the same composition with respect to the demographic variables used, they would have 
the same expected prevalence rates.23 Thus, synthetic models assume that the outcome of interest is 
fully accounted for in the auxiliary data/model predictors, and that this relationship applies across all 
small areas. 

Small area random effects models 
A number of statistical techniques exist for deriving estimates using more sophisticated modeling 
approaches. Generally referred to in the literature as small area estimation (SAE), these techniques may 
include an additional error component to account for between-area variation, or variation between 
individuals within an area, that cannot be explained using only the auxiliary information. These 
techniques result in the production of less biased estimates with more confidence.  

The trade-off of using these methods is they are more complicated to derive and operationalize within 
the context of population health assessment activities. Often small area models require a higher level of 
statistical skill and some familiarity with specialized statistical software. More complex models may not 
necessarily provide more accurate estimates, and results from simpler models or methods may be 
similar to those from complex ones. The benefit from using more complex methods needs to be 
considered against quality, cost, time, and effort required. 

Model-based methods can take two approaches, based on data at either the unit (person) level or at the 
area level. A unit level model incorporates individual level data as inputs (e.g., an individual response to 
the CCHS) and links it with individual level auxiliary data, while an area level model takes area level 
measures as inputs (e.g., census data for a particular age group) and uses auxiliary data observed at the 
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area level. Area level summary measures can be constructed by aggregating individual level data, 
enabling one to apply an area level model to unit level data. 

Both unit and area level models are a form of generalized linear mixed models with random effects on 
area level. Random effects models are extensions of traditional regression models. In addition to the 
fixed effects variables that are found in traditional regression models, a random effects model includes a 
“random effects” term for the data level of interest. Random effects are included in these models to 
account for variations between small areas or individuals within an area that cannot be explained only 
using auxiliary information. These random effects terms do not have coefficients associated with them; 
however, distribution assumptions must be satisfied for random effects to work. For example, one can 
add random effects μi on each area i in the dataset and assume they are independently normally 
distributed with mean 0 and variance σμ

2. The model will estimate all the μi and σμ
2 in addition to the 

coefficient estimations with the data.  

Both unit level models (sometimes referred to as nested models) and area level models can borrow 
strength from related auxiliary data (e.g., census and administrative records) by including them as 
covariates. This further improves the estimation precision/reliability, which is one of the reasons that 
they are popular in the small area analysis literature. When the outcome is a continuous measure, a 
widely used model for creating small area estimates is the Fay-Herriot model. The Fay-Herriot model (FH 
model) is a random effects model that can be defined as:  

Yi  = Xiβ + ei + μi 

• Yi is the direct estimator for area i 
• Xi is a vector of auxiliary variables for area i 
• ei are the independently normally distributed error terms with variance σ2 as in traditional linear 

regression accounting for sampling or measurement errors 
• μi are the area level random effects 

Once model parameters have been estimated using unit or area level methods, additional techniques 
can be applied to produce unbiased estimates of measures with greater confidence. One technique is 
the Best Linear Unbiased Predictor (BLUP) method. The BLUP method produces estimates as a weighted 
average of direct estimators and model based estimators, with the latter obtained from unit or area 
models mentioned above. Since BLUP relies on the assumption of normality of the outcome of the data, 
BLUP is applicable only for linear mixed models (e.g., outcome considered as continuous) and not for 
logistic or Poisson models (e.g., outcomes considered to be binary or count). When wi are estimated by 
applying estimated variances σμ

2 and σ2, the estimator is referred as Empirical BLUP (i.e., the EBLUP), 
which is the estimate of BLUP using the data. 

The BLUP is constructed as a weighted average of direct estimator and regression based estimator using 
the auxiliary variables: 

Ŷ= wi Yi  + (1- wi) Xi𝜷� 

• Yi is the direct estimator for area i 
• Xi is a vector of auxiliary variables for area i 
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• wi is the amount of total unexplained variation between areas, defined as the weight  
(wi) = σμ

2/ (σμ
2 + σ2) 

This simple random effect model can be extended in many ways to model more complex data with 
additional assumptions. For example, unit level mixed effect models deal with individual level data by 
assuming eij are normally distributed. Spatial FH models borrow information from neighbours by 
assuming random effects are correlated to a neighborhood pattern. Empirical Bayesian (EB) and 
Hierarchical Bayesian (HB) can be used to produce BLUP when outcomes are normally distributed.  

The EB method and the HB/full Bayesian method can be used to calculate estimates/predictors for 
models of binary and count based outcomes data. The EB method estimates the posterior density of the 
measure of interest by using empirical estimates of model parameters through their marginal 
distribution, while the HB method is a full Bayesian approach estimating all parameters through their 
posterior distributions. 

Other techniques are able to: 

• Incorporate survey weights (e.g., pseudo EBLUP) 
• Borrow strength through: 

o Temporal smoothing (e.g., using multiple cycles of CCHS data and account for temporal 
correlation) 

o Spatial or spatiotemporal smoothing (e.g., spatial Fay-Herriot, Bayesian techniques to 
incorporate spatial correlations) 

o Auxiliary variables (e.g., more general model building approaches)  

More recent research is focused on addressing the challenges of utilizing multiple small area estimation 
techniques simultaneously (e.g., Bayesian spatial modelling with survey weights) in order to produce 
less biased/unbiased estimation with more precision, and with more efficient computations. 

ASSUMPTIONS/REQUIREMENTS 

• All assumptions/requirements in regression based methods in the previous section. 
• Outcomes are continuous measures (i.e., cannot be binary or count measures). 
• Area level random effects does not depend on sampling or measurement errors (i.e., ei  and μi are 

independent). 

ADVANTAGES 

• Can account for areas that have unique characteristics that are not adequately explained by the 
auxiliary variables. 

• Incorporates random effects which allow certain small areas to have different characteristics than 
that predicted by the auxiliary variables. 

• Better able to predict differences between small areas compared to regression based synthetic 
models. 
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• Incorporating a random effect variable into the model can take into account between area variation 
that is not accounted for by the auxiliary variable. 

LIMITATIONS 

• More complex than synthetic models. 
• Estimating the random effects terms is generally complex and may require Bayesian estimation 

techniques depending on the assumed structure and distribution of the random effects.
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Decision aid for selecting a SAA method 
The decision aid (Table 3) is intended to help users understand the benefits and limitations of the SAA methods presented in this document. It 
enables users to identify appropriate options for their situation and/or question, rather than simply providing them with an answer. Decision 
aids can be used when there is no single ‘best’ choice and the end user is recognized as the expert for judging values, consequences, and trade-
offs to select an option most appropriate for the question they are trying to answer. As this document does not provide an exhaustive list of SAA 
techniques, users may identify SAA methodologies not mentioned in this decision aid that could better address their small area needs.  

Table 3: Decision aid framework for assessing small area methodologies 

Question Direct Combining surveys Synthetic indirect Synthetic model Model (Fay Herriot) 

What data is needed 
for this analysis? 

Estimates are derived 
from a single survey 
file 

Two or more survey 
files that are 
comparable (e.g., 
question asked, 
sampling frame, 
survey collection 
method) 

Survey file and 
auxiliary data* 

Survey file and high 
quality auxiliary data* 

Survey file and high 
quality auxiliary data* 

Time and resource(s) 
required to produce 
estimate? 

Low Low to Moderate Moderate High High 

When might this 
method be used? 

Producing 
routine/ongoing 
estimates 

Producing 
routine/ongoing 
estimates, research 
or specific policy 
questions 

Producing 
routine/ongoing 
estimates, research 
or specific policy 
questions 

Producing estimates 
for research or 
specific policy 
questions 

Producing estimates 
for research or 
specific policy 
questions  
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Question Direct Combining surveys Synthetic indirect Synthetic model Model (Fay Herriot) 

Will I need special 
software to do this 
analysis? 

Can be done using a 
standard statistical 
package 

Can be done using a 
standard statistical 
package 

Can be done using a 
standard statistical 
package 

Can be done using a 
standard statistical 
package 

R offers a free SAE 
package add-on 

Statistics Canada 
offers a G-EST macro 
in SAS 

What level of SAA 
knowledge is 
required? 

Low – estimates are 
produced using 
appropriate survey 
weights 

Moderate – estimates 
are produced using a 
separate or pooled 
approach 

Moderate – estimates 
are produced then 
projected to 
population estimates/ 
projections 

High – requires 
knowledge of 
regression. Wide 
variety of models to 
choose from to model 
particular types of 
data 

High – requires 
knowledge of random 
effects regression 
models. Wide variety 
of models to choose 
from to model 
particular types of 
data. Additional 
BLUP/EBLUP analysis 
can be applied to 
improve estimate. 

How easy are the 
findings to interpret 
and communicate? 

Easy to understand 
and communicate to 
lay audience 

Easy to understand 
and communicate to 
lay audience 

Fairly easy to 
understand and 
communicate to lay 
audience 

Understanding and 
communicating 
model based results 
are more complex 

Understanding and 
communicating 
model based results 
are more complex 

Is the estimation 
method transparent 
so others can 
replicate? 

Simple to replicate 

Methods are 
transparent 

Simple to replicate 

Methods are 
transparent 

Simple to replicate 

Methods are 
transparent 

Requires knowledge 
of modelling methods 

Requires knowledge 
of advanced 
statistical methods 
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*the Australian Bureau of Statistics22 describes auxiliary data as one or more variables obtained from either administrative or census that are included in the 
model as explanatory variables. The auxiliary data should: 

• Comprehensively cover the entire population scope for which small area estimates are required. If an auxiliary data item is not available for the unselected 
part of the population then small area predictions cannot be made and affected data items cannot be included in the model 

• Include reliable geographic information so that all units belonging to a small area can be accurately identified 
• Be contemporaneous with the target variable and other auxiliary data used in the model
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Case studies 
Examples of small area methods are described below based on data from the 2007/08 CCHS (unless 
otherwise stated) using current smoker as the output of interest. For additional information on the CCHS 
variables used refer to Appendix B.  

Pooled approach 
Data from the 2007/08 and the 2009/10 CCHS cycles were appended using the pooled approach.13 For 
this example, current smoker (the output of interest) was reviewed for consistency (i.e., wording, skip 
pattern) across the two CCHS cycles. To adjust for increased sample size using the pooled approach, 
weights were scaled by a constant factor, by multiplying it by the inverse of the number of cycles 
combined. 

 

For this example, the sampling weights were multiplied by the constant factor ½ because two cycles 
were combined.24 For statistics such as ratios, proportions and means, using the original weights or the 
weights that have been adjusted using a common constant factor will give the same result.13 

Synthetic Indirect  
Using current smoker as the output of interest from the CCHS, we created estimates for age and sex 
subgroups, as this information was readily available in the dataset (Table 4). Although we created 
subgroups by age group and sex in this example, other groupings could be used to adjust for 
compositional differences in the small areas. Tables were created to get a sense of how the CCHS age 
and sex distribution compared to Census age and sex distributions (Appendix C). Although we grouped 
age into groups (20-44, 45-64, and 65 +) for illustrative purposes, categories should be defined and 
selected so they will improve the estimator and to provide sufficient sample to ensure stability. 
Additional analysis should be undertaken to ensure that this holds true. 

The synthetic estimate can be calculated using: 

 

Using PHU A as the large area, estimates for current smokers are calculated by age/gender (Table 4). 
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Table 4: 2007/08 CCHS estimates of current smokers by age/sex groups for PHU A 

Age/Sex Group Current smokers – males (PHU A) Current smokers – females (PHU A) 

20-44yrs 0.23 0.32 

45-64yrs 0.14 0.18 

65+yrs 0.04 0.07 

To estimate the number of current smokers in CSD 1 (a CSD within PHU A), we would apply the age/sex 
group estimates obtained for PHU A (Table 4) to CSD 1 sub-group populations (third column in Table 5). 
Note, as CCHS data are used in this example, CV results should be reviewed according to Statistics 
Canada guidelines. If CVs are large, one may want to consider using a different reference such as 
Province  (Appendix D) or larger subgroup aggregates (e.g., adults 20-64yrs). 

Table 5: Population and estimated number of current smokers by age/sex group in CSD 1 

Age/Sex Group Current smoker estimate 
(PHU A) 

CSD 1 population (from 
2006 Census) 

Estimated number of 
current smokers in CSD 1 

Male 20-44 0.23 26685 6142 

Male 45-64 0.14 21255 3062 

Male 65+ 0.04 8545 373 

Female 20-44 0.32 29190 9310 

Female 45-64 0.18 22605 4145 

Female 65+ 0.07 10825 760 

Total  119105 23795 

The overall estimated proportion of current smokers in CSD 1, based on this method would be 20.0%: 

 

 



Small Area Analysis  21 
 

Regression synthetic model – Poisson 
The data for the model was prepared as follows (Figure 6a): 

• The number of current smokers by CSD was obtained from the 2007/08 CCHS 
• Estimates for current smokers were calculated for each CSD  
• Auxiliary information from the 2006 Census were obtained for variables of interest (proportion of 

people in small area (Pop2006over20), proportion of people per age group and sex (M2, M3, M4, F2, 
F3, F4), proportion of people with low income (LowInc), proportion of people with high school 
education (Edu1), proportion of people unemployed (Unemploy)) for each CSD of interest 

• The 2007/08 CCHS and 2006 Census datasets are then joined by the CSD variable 
 
Figure 6a: Sample SAS input dataset of current smokers from 2007/08 CCHS and auxiliary information 
from 2006 Census 

 
Using SAS, the dependent variable (Smokcases_over20 calculated by multiplying the 
Estimate*Pop2006over20) and independent variables (M2, M3, M4, F2, F3, F4, LowInc, Edu1, 
Unemploy) was inputted into a Poisson model to produce a current smoking estimate (Predicted Value) 
for each CSD domain of interest. A copy of the SAS code to produce the results can be found in Appendix 
E. 

Figure 6b: Output from SAS Poisson model for current smokers 

 

The overall estimated number of current smokers in CSD 1 (GEODCSD 3524001), based on this SAS 
Poisson model would be 21,521 (Figure 6b). 
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Random effects regression model – Fay Herriot  
The input data was prepared as follows (Figure 7a): 

• The number of current smokers by CSD was obtained from the 2007/08 CCHS 
• Weighted estimate counts (Estimate) and variance (bs_var) was produced 
• Auxiliary information from the 2006 Census were obtained for variables of interest (number of 

people in small area (totalpopover20), number of people per age group and sex (M20to44, 
M45to64,M65plus, F20to44, F45to64, F65plus), number of people with low income (lowinc), 
education status (no highschool)) for each CSD of interest 

• The 2007/08 CCHS and 2006 Census datasets are then joined by the CSD variable 
 
Figure 7a: Sample R dataset of current smokers from 2007/08 CCHS and auxiliary information from 2006 
Census 

 

SAE PACKAGE IN R 
Currently R offers a list of packages that perform small area estimations. One of the conventional 
packages is named “sae” (Small Area Estimation). This package includes functions to estimate the 
EBLUPs of both area-level SAE models (i.e., Fay-Herriot model) and individual level models. 
Documentation is available describing how to run the sae package in R, and Fay-Herriot model (FH 
model) options.  

For areas with a zero sample size, two options are available to create a FH model estimate. The variance 
estimate can be assigned a non-zero positive value or a value of zero. 

If a non-zero variance value is assigned, one will need to determine what value should be assigned. As 
the variance value becomes larger, the estimate becomes more dispersed, meaning the outcome will be 
less homogenous with more extreme values. If one decides to assign a zero value for the variance 
estimate, the estimate will be based solely on the synthetic estimate, instead of being a composite 
estimate of the synthetic and direct estimate. 

In this example, we will use the “mseFH” function to fit an area level model and assigned zero value to 
the variance estimate. Using the sae R package, the dependent variable (Estimate) and independent 
variables (M20to44, M45to64, M65plus, F20to44, F45to64, F 65plus, nohighschool, lowinc) were applied 
to a FH model. A copy of the R code detailing how the model is run and how results are constructed is 
available in Appendix F. The FH model produces count estimates (FH_count) for the number of current 
smokers, and the CV for the count and the Confidence Interval (CI) around the proportion can be 
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calculated based on the Mean Squared Error (MSE) variance estimate of the EBLUP, since EBLUP is an 
unbiased estimator. 

Figure7b: Sample R output dataset of current smokers 

 

The overall estimated number of current smokers in CSD 1 (GEODCSD 3524001), based on this SAE R 
package would be 23,183 (Figure 7b).  

G-EST SOFTWARE IN SAS 
Upon request, Statistics Canada can provide a SAS package titled G-EST‡ (Generalized Estimation 
System) free to the requester after a license agreement has been signed. Statistics Canada developed 
this software to produce small area estimates under the Fay-Herriot area level linear regression model 
with EBLUP estimation. The program is run through a SAS macro designed to run under SAS 9.3 and 
requires the IML (Interactive Matrix Language) add-on. Extensive documentation has been created by 
Statistics Canada that includes information on the parameters for the macro and inputs, as well as how 
to run the program in the SAS environment. 

Following the macro call described in Statistics Canada’s G-EST Small Area Estimation documentation, 
the program will produce an output dataset that includes estimates for each small area of interest. For 
situations where an area has no samples (either no data was collected for that area or the n value of the 
outcome of interest is zero) the G-EST macro will create a synthetic estimate instead of a composite 
estimate (which is a combination of the synthetic and direct estimate).  

In this example the “FH” method was selected. A copy of the SAS macro and details of how the data was 
prepared are available in Appendix G. The FH model produces count estimates. The FH MSE can be used 
to calculate a CI, around a FH proportion. 

  

                                                           

‡ http://www.statcan.gc.ca/pub/12-206-x/2016000/activity-activite-eng.htm 

http://www.statcan.gc.ca/pub/12-206-x/2016000/activity-activite-eng.htm
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Figure 7c: Sample SAS output dataset for current smokers 

 

The overall estimated number of current smokers in CSD 1 (GEODCSD 3524001), based on this SAS 
macro would be 23,675 (Figure 7c). 
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Comparison of results from case studies 
A summary of results for smoking status estimates for PHU A from the various estimate produced from 
the case studies above is presented in Table 8.  

Table 8: Comparison of estimates using different SAA methods 

Area Population 
(20yrs+) 

Direct 
Estimate Pooled Synthetic 

indirect 
Synthetic 
model 

FH SAE R 
package 

FH G-
EST SAS 
macro 

CSD 1 119,105 15.4% 13.3% 20.0% 18.1% 19.5% 19.9% 

CSD 2 124,105 19.6% 21.6% 19.3% 21.0% 21.5% 24.4% 

CSD 3 39,390 24.5% 22.8% 21.5% 23.1% 18.8% 18.5% 

CSD 4 39,210 31.1% 24.8% 20.4% 22.1% 21.1% 38.1% 

• The results from the pooled estimates are similar to that of the direct estimate. Differences may be 
due to combining results from different time periods.  

• Variation from the synthetic indirect compared to the direct estimate may be due to differences in 
age-sex composition. The assumption that the indicator of interest only varies by age and sex and 
does not capture all the variation between small areas and allow for other effects. This method still 
makes a strong assumption that the association between age and sex are similar between the small 
and large area. 

• Synthetic models might lead to improved estimates that are more accurate or precise than direct 
estimates when there is high quality auxiliary data. Synthetic indirect estimates exhibit the least 
variation across CSDs of all methods presented. This is likely to be indicative of shrinkage, the 
reduction in distributional spread of small area estimates being more tightly centred around the 
overall mean than would be expected of the true small area values.  

• Estimates produced by applying random effects models (i.e., FH model in the R package and SAS 
macro), can account for between-area variations other than those explained by auxiliary variables. 
The accuracy of these methods are dependent on both the accuracy of the model as well as the 
auxiliary data. 

The estimates are quite variable depending on the method used. Selecting a method that provides the 
most reliable and defensible small area estimate can be a challenging decision. It will depend on a 
combination of factors such as the purpose of the estimate, assumptions you are willing to make, sound 
knowledge of social or economic dynamics behind the data, and good judgement.  
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Appendix A: Alignment of Ontario geographies 
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Appendix B: Data for case studies 
Data from the following sources are used to illustrate SAA methods. 

Canadian Community Health Survey (CCHS) 2007/08 
The Canadian Community Health Survey (CCHS) is cross-sectional survey that collects information 
related to health status, health care utilization and health determinants for the Canadian population. It 
is designed to provide reliable estimates at the health region level every 2 years.  

GEODHR4 

The variable ‘health region of residence of respondent’ is used to define the large area 

GEODDA06 
The 2006 census dissemination area variable is used to define the small area 

GEODCSD 
The variable census sub-division is used to define the small area 

DHH_AGE 
The age variable is used to create post-strata age groups. The age groups varied depending on the 
outcome of interest. 

DHH_SEX 
The sex variable is used to create post-strata sex groups. 

SMKDSTY 
The variable ‘type of smoker’ was used to define the proportion of people who are current smokers. This 
outcome variable of interest was defined as SMKDSTY = DAILY SMOKER (1) + OCCASIONAL SMOKER 
(FORMER DAILY SMOKER) (2) + ALWAYS AN OCCASIONAL SMOKER (3) 

2006 Census 
The Census of Population (census) enumerates the entire Canadian population. It is designed to provide 
information about people and housing units in Canada by their demographic, social and economic 
characteristics. It is a reliable basis for the estimation of the population of the provinces, territories and 
local municipal areas. The census also provides information about the characteristics of the population 
and its housing within small geographic areas and for small population groups. This supports planning, 
administration, policy development and evaluation activities of governments at all levels, as well as data 
users in the private sector.  
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Appendix C: Comparability of survey to 
population 
Basic sample coverage checks were conducted to assess whether or not the CCHS survey respondents 
were representative of the small area, based on census data.  

Age group and sex comparison 
Table 9: Weighted age-sex group proportions from the CCHS (overall) compared to the age-sex group 
proportions from the Census  

Area Age Sex Group CCHS % Census% 

PHU A 

F20 to 44 

F 45 to 64 

F 65+ 

M20 to 44 

M45 to 64 

M 65+ 

47.6% 

35.0% 

17.5% 

49.4% 

35.7% 

14.9% 

46.8% 

34.8% 

18.4% 

48.4% 

36.0% 

15.6% 

CSD 1 

F20 to 44 

F 45 to 64 

F 65+ 

M20 to 44 

M45 to 64 

M 65+ 

52.8% 

32.9% 

14.3% 

41.3% 

38.3% 

20.4% 

56.0% 

31.6% 

12.4% 

57.6% 

32.0% 

10.4% 

CSD 2 

F20 to 44 

F 45 to 64 

F 65+ 

M20 to 44 

M45 to 64 

M 65+ 

43.2% 

36.5% 

20.4% 

49.4% 

29.8% 

20.8% 

43.3% 

34.6% 

22.1% 

45.9% 

35.5% 

18.6% 

CSD 3 

F20 to 44 

F 45 to 64 

F 65+ 

52.8% 

32.9% 

14.3% 

56.0% 

31.6% 

12.4% 
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Area Age Sex Group CCHS % Census% 

M20 to 44 

M45 to 64 

M 65+ 

41.3% 

38.3% 

20.4% 

57.6% 

32.0% 

10.4% 

CSD 4 

F20 to 44 

F 45 to 64 

F 65+ 

M20 to 44 

M45 to 64 

M 65+ 

53.9% 

33.5% 

12.5% 

49.1% 

42.9% 

8.0% 

49.8% 

34.7% 

15.6% 

49.9% 

37.0% 

13.1% 

 
Number of respondents  
General CCHS release guidelines from Statistics Canada dictate that users examine the unweighted 
number of sampled respondents. If this unweighted number is less than 10, the weighted estimate 
should not be released regardless of the value of the coefficient of variation for this estimate. 

Table 10:  Number of sampled respondents and current smokers based on CCHS 2007/08 by area 

Area Total Sample # Current Smokers 

PHU A 1132 192 

CSD 1 391 54 

CSD 2 458 80 

CSD 3 118 21 

CSD 4 165 37 
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Appendix D: Estimates, CV, CI for reference 
population for synthetic indirect method 
The quality of estimates produced with CCHS data is measured with the coefficient of variation (CV), 
produced using bootstrap weights. The CV magnitude will depend on the domain of interest and the 
prevalence of the characteristic. Disaggregating estimates further by age group or sex will increase the 
coefficient of variation. 

Table 11: PHU A estimates from CCHS 2007/08 for current smokers 

AgeSex grp Sample 
size Estimate CV LCI UCI 

Males 20-44 52 0.23 15.72 0.16 0.30 

Males 45-64 25 0.14 24.04 0.08 0.21 

Males 65+ 7 0.04 53.34 0 0.09 

Females 20-44 60 0.32 13.07 0.24 0.40 

Females 45-64 35 0.18 21.81 0.10 0.26 

Females 65+ 13 0.07 29.97 0.03 0.11 

 

Table 12: Ontario estimates from CCHS 2007/08 for current smokers 

AgeSex grp Sample 
size Estimate CV LCI UCI 

Males 20-44 2071 0.32 2.89 0.30 0.34 

Males 45-64 1630 0.24 3.77 0.22 0.26 

Males 65+ 437 0.10 7.72 0.08 0.12 

Females 20-44 1782 0.21 3.08 0.20 0.23 

Females 45-64 1593 0.19 4.23 0.17 0.20 

Females 65+ 582 0.08 6.23 0.07 0.09 
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Appendix E: SAS code for Poisson model 
proc genmod data=SmkModel; /*source dataset*/ 
/*Dependent variable    Independent variables age-sex categories, level of education, income level, 
employment status*/ 
model smkcases_over20yrs = Male2 Male3 Male4 Female2 Female3 Female4 Education Income 
Employed/ 

dist =  Poisson /*choose Poisson distribution */ 

link =  log  /*a requirement to run the Poisson model */ 

offset = ln_population2006 /* Scale by population */ 

scale =  deviance; /*over dispersion adjustment  */ 

output out = Synthetic_indirect_method p=pred lower=lcl upper=ucl ; /*output predictions and 
confidence intervals*/ 

run; 
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Appendix F: Sample R code for FH model 
Users can install the package by typing “install.packages(sae)” in the R console. Once the library is 
installed, it has to be loaded with “library(sae)” in order to access the functions come with the package. 

There are two functions that can be used for Fay-Herriot model (FH model), “eblupFH” and “mseFH”. 
Selecting the function “eblupFH” will produce EBLUPs for the FH model. If the “mseFH” function is 
selected, the output will produce EBLUPs for the FH model as well as a Mean Squared Errors (MSE) of 
the EBLUP. 

The MSE of an EBLUP could be used as the variance estimate of the EBLUP since EBLUP is an unbiased 
estimator. One can type “?” with the function name to see the help file on the usage of a particular 
function, e.g., “?mseFH”. 

The “mseFH” function is used to fit an area level model.  Once the data is read into R, the call function 
“result = mseFH(Estimate ~M20to44 + M45to64+  M65plus + F20to44+  F45to64+  F65plus+ 
nohighschool+  lowinc, vardir = bs_var, method = "FH", data = theData)” is applied. The functional call is 
very similar to any other regression call, with the only addition being “vardir = bs_var” to specify the 
sampling variance of the direct estimators.  

 

*********** 

require(sae) 

theD = read.csv("data_for_sae_updated.csv") 

theD[theD$bs_var==0,] #check to see if areas that have 0 variance 

##FH estimate, this will not give estimate when estimated variance is 0, i.e. bs_var = 0 

result = mseFH(Estimate ~M20to44 + m45to64+  M65plus + F20to44+  F45to64+  F65plus+ 
nohighschool+  lowinc, bs_var, method = "FH", data = theD) 

##Eblup estimates when bs_var = 0 is 0 

result$est$eblup[theD$bs_var==0] 

####option 1, when bs_var is 0, make it a large variane, for example lets set it to maximum variance in 
the dataset 

theD$bs_var[theD$bs_var==0] = max(theD$bs_var) 

result = mseFH(Estimate ~M20to44 + m45to64+  M65plus + F20to44+  F45to64+  F65plus+ 
nohighschool+  lowinc,   bs_var, method = "FH",data = theD) 
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theD$FH_count = result$est$eblup[,1] #assign eblup back to dataset 

theD$MSE = result$mse #assign standard error estimate back to dataset 

theD$FH_CV = sqrt(theD$MSE)/theD$FH_count *100 #calculate CV for count 

theD$SE = sqrt(theD$MSE)/theD$totalpopover20 #caclulate SE of proportion 

theD$FH_proportion = theD$FH_count/theD$totalpopover20 #calculate estimated proportion 

theD$UL = theD$FH_proportion + 1.96*theD$SE #calculate upper bound of proportion 

theD$LL = theD$FH_proportion - 1.96*theD$SE #calculate lower bound of proportion 

theD$LL[theD$LL < 0 ] = 0 #if lower limit is below 0 set to 0 

theD$LL[theD$UL > 1 ] = 1 #if upper limit is above 1 set to 1 

 

 

d1 = theD #assign a copy for comparision with option 2 

 

####Option 2, this is what G-est from StatsCan does, for replace 0 estimates with synthetic estimators 

theD = read.csv("data_for_sae_updated.csv") 

result = mseFH(Estimate ~M20to44 + m45to64+  M65plus + F20to44+  F45to64+  F65plus+ 
nohighschool+  lowinc,  

               bs_var, method = "FH",data = theD) 

 

result_synthetic = predict(lm(Estimate ~M20to44 + m45to64+  M65plus + F20to44+  F45to64+  F65plus+ 
nohighschool+  lowinc,  data = theD), data = theD, se.fit = T) 

 

 

theD$FH_count = result$est$eblup #assign eblup back to dataset 

theD$FH_count[theD$bs_var==0] = result_synthetic$fit[theD$bs_var==0] #for 0 estimates, replace 
synthetic estimators 
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theD$MSE = result$mse #assign standard error estimate back to dataset 

theD$MSE[theD$bs_var==0] = result_synthetic$se.fit[theD$bs_var==0] #for 0 estimates, replace 
synthetic estimators 

theD$FH_CV = sqrt(theD$MSE)/theD$FH_count *100 #calculate CV for count 

theD$SE = sqrt(theD$MSE)/theD$totalpopover20 #caclulate SE of proportion 

theD$FH_proportion = theD$FH_count/theD$totalpopover20 #calculate estimated proportion 

theD$UL = theD$FH_proportion + 1.96*theD$SE #calculate upper bound of proportion 

theD$LL = theD$FH_proportion - 1.96*theD$SE #calculate lower bound of proportion 

theD$LL[theD$LL < 0 ] = 0 #if lower limit is below 0 set to 0 

theD$LL[theD$UL > 1 ] = 1 #if upper limit is above 1 set to 1 

 

 

###comparison of option 1 and 2 

plot(d1$FH_count[d1$bs_cv=="."], theD$FH_count[theD$bs_cv=="."], xlab = "Option 1", ylab = "Option 
2") 
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Appendix G: Sample SAS macro for G-EST 
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List of Acronyms 
BLUP  Best Linear Unbiased Predictor 

CCHS  Canadian Community Health Survey 

CI  Confidence Interval 

CSD  Census Subdivision 

CV  Coefficient of Variation 

DA  Dissemination Area 

EB  Empirical Bayesian 

EBLUP  Empirical Best Linear Unbiased Predictor 

FH model Fay-Herriot model 

FSA  Forward Sortation Areas 

G-EST  Generalized Estimation System 

HB  Hierarchical Bayesian 

IML  Interactive Matrix Language 

LDCP  Locally Driven Collaborative Projects 

LDU  Local Delivery Unit 

LIM  Low Income Measure 

MSE  Mean Squared Error 

mseFH  Mean squared error estimator of the EBLUP under a Fay-Herriot model 

PCCF  Postal Code Conversion File 

RRFSS  Rapid Risk Factor Surveillance System 

SAA  Small Area Analysis 

SAE  Small Area Estimation 

SDA  Service Delivery Area 

SGC  Standard Geographical Classification 

SLI  Single Link Indicator 

T1FF  T1 Family File 
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	If a non-zero variance value is assigned, one will need to determine what value should be assigned. As the variance value becomes larger, the estimate becomes more dispersed, meaning the outcome will be less homogenous with more extreme values. If one...
	In this example, we will use the “mseFH” function to fit an area level model and assigned zero value to the variance estimate. Using the sae R package, the dependent variable (Estimate) and independent variables (M20to44, M45to64, M65plus, F20to44, F4...
	Figure7b: Sample R output dataset of current smokers
	G-EST software in SAS
	Upon request, Statistics Canada can provide a SAS package titled G-EST2F  (Generalized Estimation System) free to the requester after a license agreement has been signed. Statistics Canada developed this software to produce small area estimates under ...
	Following the macro call described in Statistics Canada’s G-EST Small Area Estimation documentation, the program will produce an output dataset that includes estimates for each small area of interest. For situations where an area has no samples (eithe...
	In this example the “FH” method was selected. A copy of the SAS macro and details of how the data was prepared are available in Appendix G. The FH model produces count estimates. The FH MSE can be used to calculate a CI, around a FH proportion.
	Figure 7c: Sample SAS output dataset for current smokers
	Comparison of results from case studies
	A summary of results for smoking status estimates for PHU A from the various estimate produced from the case studies above is presented in Table 8.
	Table 8: Comparison of estimates using different SAA methods
	The estimates are quite variable depending on the method used. Selecting a method that provides the most reliable and defensible small area estimate can be a challenging decision. It will depend on a combination of factors such as the purpose of the e...
	Appendix A: Alignment of Ontario geographies
	Appendix B: Data for case studies
	Canadian Community Health Survey (CCHS) 2007/08
	GEODDA06
	GEODCSD
	DHH_AGE
	DHH_SEX
	SMKDSTY
	2006 Census
	Appendix C: Comparability of survey to population
	Basic sample coverage checks were conducted to assess whether or not the CCHS survey respondents were representative of the small area, based on census data.
	Age group and sex comparison
	Table 9: Weighted age-sex group proportions from the CCHS (overall) compared to the age-sex group proportions from the Census
	Number of respondents
	General CCHS release guidelines from Statistics Canada dictate that users examine the unweighted number of sampled respondents. If this unweighted number is less than 10, the weighted estimate should not be released regardless of the value of the coef...
	Table 10:  Number of sampled respondents and current smokers based on CCHS 2007/08 by area
	Appendix D: Estimates, CV, CI for reference population for synthetic indirect method
	The quality of estimates produced with CCHS data is measured with the coefficient of variation (CV), produced using bootstrap weights. The CV magnitude will depend on the domain of interest and the prevalence of the characteristic. Disaggregating esti...
	Table 11: PHU A estimates from CCHS 2007/08 for current smokers
	Table 12: Ontario estimates from CCHS 2007/08 for current smokers
	Appendix E: SAS code for Poisson model
	proc genmod data=SmkModel; /*source dataset*/
	/*Dependent variable    Independent variables age-sex categories, level of education, income level, employment status*/
	model smkcases_over20yrs = Male2 Male3 Male4 Female2 Female3 Female4 Education Income Employed/
	dist =  Poisson /*choose Poisson distribution */
	link =  log  /*a requirement to run the Poisson model */
	offset = ln_population2006 /* Scale by population */
	scale =  deviance; /*over dispersion adjustment  */
	output out = Synthetic_indirect_method p=pred lower=lcl upper=ucl ; /*output predictions and confidence intervals*/
	run;
	Appendix F: Sample R code for FH model
	Users can install the package by typing “install.packages(sae)” in the R console. Once the library is installed, it has to be loaded with “library(sae)” in order to access the functions come with the package.
	There are two functions that can be used for Fay-Herriot model (FH model), “eblupFH” and “mseFH”. Selecting the function “eblupFH” will produce EBLUPs for the FH model. If the “mseFH” function is selected, the output will produce EBLUPs for the FH mod...
	The MSE of an EBLUP could be used as the variance estimate of the EBLUP since EBLUP is an unbiased estimator. One can type “?” with the function name to see the help file on the usage of a particular function, e.g., “?mseFH”.
	The “mseFH” function is used to fit an area level model.  Once the data is read into R, the call function “result = mseFH(Estimate ~M20to44 + M45to64+  M65plus + F20to44+  F45to64+  F65plus+ nohighschool+  lowinc, vardir = bs_var, method = "FH", data ...
	***********
	require(sae)
	theD = read.csv("data_for_sae_updated.csv")
	theD[theD$bs_var==0,] #check to see if areas that have 0 variance
	##FH estimate, this will not give estimate when estimated variance is 0, i.e. bs_var = 0
	result = mseFH(Estimate ~M20to44 + m45to64+  M65plus + F20to44+  F45to64+  F65plus+ nohighschool+  lowinc, bs_var, method = "FH", data = theD)
	##Eblup estimates when bs_var = 0 is 0
	result$est$eblup[theD$bs_var==0]
	####option 1, when bs_var is 0, make it a large variane, for example lets set it to maximum variance in the dataset
	theD$bs_var[theD$bs_var==0] = max(theD$bs_var)
	result = mseFH(Estimate ~M20to44 + m45to64+  M65plus + F20to44+  F45to64+  F65plus+ nohighschool+  lowinc,   bs_var, method = "FH",data = theD)
	theD$FH_count = result$est$eblup[,1] #assign eblup back to dataset
	theD$MSE = result$mse #assign standard error estimate back to dataset
	theD$FH_CV = sqrt(theD$MSE)/theD$FH_count *100 #calculate CV for count
	theD$SE = sqrt(theD$MSE)/theD$totalpopover20 #caclulate SE of proportion
	theD$FH_proportion = theD$FH_count/theD$totalpopover20 #calculate estimated proportion
	theD$UL = theD$FH_proportion + 1.96*theD$SE #calculate upper bound of proportion
	theD$LL = theD$FH_proportion - 1.96*theD$SE #calculate lower bound of proportion
	theD$LL[theD$LL < 0 ] = 0 #if lower limit is below 0 set to 0
	theD$LL[theD$UL > 1 ] = 1 #if upper limit is above 1 set to 1
	d1 = theD #assign a copy for comparision with option 2
	####Option 2, this is what G-est from StatsCan does, for replace 0 estimates with synthetic estimators
	theD = read.csv("data_for_sae_updated.csv")
	result = mseFH(Estimate ~M20to44 + m45to64+  M65plus + F20to44+  F45to64+  F65plus+ nohighschool+  lowinc,
	bs_var, method = "FH",data = theD)
	result_synthetic = predict(lm(Estimate ~M20to44 + m45to64+  M65plus + F20to44+  F45to64+  F65plus+ nohighschool+  lowinc,  data = theD), data = theD, se.fit = T)
	theD$FH_count = result$est$eblup #assign eblup back to dataset
	theD$FH_count[theD$bs_var==0] = result_synthetic$fit[theD$bs_var==0] #for 0 estimates, replace synthetic estimators
	theD$MSE = result$mse #assign standard error estimate back to dataset
	theD$MSE[theD$bs_var==0] = result_synthetic$se.fit[theD$bs_var==0] #for 0 estimates, replace synthetic estimators
	theD$FH_CV = sqrt(theD$MSE)/theD$FH_count *100 #calculate CV for count
	theD$SE = sqrt(theD$MSE)/theD$totalpopover20 #caclulate SE of proportion
	theD$FH_proportion = theD$FH_count/theD$totalpopover20 #calculate estimated proportion
	theD$UL = theD$FH_proportion + 1.96*theD$SE #calculate upper bound of proportion
	theD$LL = theD$FH_proportion - 1.96*theD$SE #calculate lower bound of proportion
	theD$LL[theD$LL < 0 ] = 0 #if lower limit is below 0 set to 0
	theD$LL[theD$UL > 1 ] = 1 #if upper limit is above 1 set to 1
	###comparison of option 1 and 2
	plot(d1$FH_count[d1$bs_cv=="."], theD$FH_count[theD$bs_cv=="."], xlab = "Option 1", ylab = "Option 2")
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