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Executive Summary 
Canada Economic Development for Quebec Regions (CED) tasked a student Policy 
Lab team from the Max Bell School of Public Policy to explore the question “How 
might Artificial Intelligence be harnessed in federal regional economic development 
policymaking to better assess and anticipate the well-being of Quebec’s diverse 
communities?”

Currently, delivering targeted policy interventions in Quebec regions can be 
challenging due to an information gap, as economic indicators alone do not 
provide a full picture of how a region is doing. Data that could support a broader 
view of regional well-being may not exist, or presents barriers around availability, 
accessibility and timeliness. Artificial intelligence provides an opportunity to 
improve efficiency in data analysis with the intention of transforming a descriptive-
analytical approach to a predictive one, leveraging the growing amount of publicly 
available data to measure well-being. With more holistic, place-based information, 
CED is developing the capacity to create more adaptive, responsive, and inclusive 
policy interventions.  

Understanding the nature of the problem, the Policy Lab team deconstructed the 
challenge question into four key components 1) Selecting well-being indicators; 2) 
Using data sources to measure indicators; 3) Managing data through the lifecycle; 
and 4) Turning data into meaningful insights. These four components guided the 
research and structure of the report, informing the development of a conceptual 
framework for harnessing AI to measure well-being, found in the below figure 
(Figure 1).

While there are many separate elements included in the framework, they all 
connect, meaning this framework should be viewed as an entire process, because 
determining what questions you have and what problems you want to solve 
will contribute to what indicators and data sources are selected and whether 
you need AI.  The elements at the top of the framework - well-being goals and data 
governance - are most important in the long-term for the agency to build effective, 
ethical, and sustainable data management for AI. Although to get started on 
implementing the conceptual framework, selecting well-being indicators, creating a 
data management plan, and forming an essential data management team are the 
most critical. There are also potential opportunities for AI use along the different 
stages of the process, denoted with a star. However, the use of AI in stages 2 and 3 
is primarily for efficiency in data collection and management. Rather, the use of AI 
to “assess and anticipate” well-being as set out in the question comes at the later 
stage.
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Starting with the first stage, establishing well-being goals will help inform which 
indicators are selected. Economic indicators do not provide a complete picture 
of how a region is doing because they don’t include important information about 
the health of regions and communities such as, who is doing well from growth, 
whether growth is environmentally sustainable, how people feel about their lives, 
and what factors contribute to individual and country-level success. As a result, 
economists have advocated for models that consider a host of socioeconomic 
and environmental indicators that better reflect the needs and well-being of 
communities and the planet. 

FIGURE 1:  CONCEPTUAL FRAMEWORK FOR HARNESSING AI  TO 
MEASURE REGIONAL WELL-BEING.
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Additionally, measuring the well-being of regions will help policymakers better 
understand the interconnectedness of economic issues with indicators such as 
health, education, sustainability, inclusiveness, and how people use their time, 
among other multi-dimensional impacts. Paired with a global trend towards 
measuring well-being, demonstrated in numerous well-being indexes, including 
the Government of Canada’s (GoC) recent Quality of Life Strategy (QoL Strategy), 
looking beyond a narrow economic view will help policymakers better understand 
problems and respond with interventions that meet the whole needs of 
communities.

IN MEASURING WELL-BEING OF QUEBEC’S REGIONS, THE POLICY 
LAB TEAM RECOMMENDS THAT CED: 

• Develop an organization-specific well-being framework aligned with 
the agency’s strategic plan, asking what they hope to achieve and what 
information is needed to inform progress? CED can look to the GoC’s QoL 
Strategy and adapt the framework to their context by choosing indicators 
that align with the agency’s well-being goals, while incorporating their 
existing economic indicators. 

• Choose well-being indicators and corresponding measures within the 
framework that have reliable and relevant data that can be measured 
over time. The QoL Strategy provides valuable factors to consider and 
several indicators to select. While no indicator is perfect, it’s relevant to 
understand the trade-offs of what type of information an indicator can 
provide. Health offers a useful starting place as there are many proxies, data 
sources, and examples of using community-level data to understand well-
being with several AI projects underway that CED can learn from. 

• Use a dashboard to visualize well-being indicator data across regions 
and to measure progress over time. Most indexes use dashboards along 
with the recommendation from the GoC’s QoL Strategy, as dashboards 
provide more granularity useful for targeted policy intervention.

The second component of the conceptual framework is using data sources to 
measure indicators for well-being. There are different types of traditional and 
innovative data sources that CED could use to measure well-being indicators and 
to later leverage the use of AI, including traditional sources of household and 
consumption data, administrative data and surveys and censuses, and other types 
of statistics. On the other hand, innovative sources include telecommunications 
data, geospatial data, social media data and web search data among others. New 
and innovative data sources present great potential to help fill in knowledge gaps 
from traditional data sources and overcome their limitations. They can also allow 
CED to better analyze the opportunities for economic expansion in regions and 
have the potential to provide more real-time data, although have greater potential 
if used together. 
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Combining data sources provides the most opportunity for useful and targeted 
insights, although integrating various datasets can be time consuming because 
of the variations in the way data is defined, recorded, and analyzed. Additionally, 
the lack of consistency among local, provincial, and national systems, which have 
varying access and availability of data, and the lack of data sharing more broadly, 
can make it difficult to combine sources. It can also be challenging to collect data in 
remote communities due to a lack of accuracy and representativity. While reliable 
data is needed for effective decision-making, the majority of statistics capture 
national averages and can fail to recognize the disparities across populations and 
communities from a lack of disaggregated data, which is crucial to measuring 
multidimensional well-being. 

IN SELECTING DATA SOURCES TO MEASURE WELL-BEING, THE 
POLICY LAB TEAM RECOMMENDS CED TO:

• Identify the appropriate sources, whether traditional or innovative, 
that satisfies and aligns with its interests and desired outcomes. When 
identifying well-being measures and indicators, CED should assess types 
of available data sources that will provide the most valuable and relevant 
information.

• Use disaggregated data by age, gender, race, disability status, etc. By 
disaggregating the data by region and listed factors, CED would be able to 
understand the impacts of its policies more precisely and at a place-based 
level.

• Use a diverse set of data that include both traditional and 
innovative data sources to fill in knowledge gaps. One way to improve 
representativity of data is to use multiple data sources and improve data 
integration to gain a diverse perspective on well-being measures.

The third component of the framework is managing data through the lifecycle. Data 
management can enhance organizational data literacy by building understanding of 
how data is managed within the agency. It can also help identify opportunities and 
gaps in the data management lifecycle, improve efficiency and standardization of 
processes for replicability, and increase data capability for AI adoption. 

Data governance is crucial to data management, focusing on data stewardship, data 
quality, and total data management to ensure data is consistent and trustworthy. 
It seeks to administer data, reduce costs and complexity, and realize new sources 
of value while being clear and simple to follow. While data governance provides 
overarching guidance as a set of rules and policies that determine decision-
making and authority for data related matters, a data architecture focuses on 
the technology and infrastructure design for standardizing how data is collected, 
transformed, distributed, stored, and used. A data architecture must also reflect 
the appropriate technology and design to harness AI in the long-term. While 
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many aspects overlap with the components involved in data governance, a data 
management plan describes the data’s management, analysis and storage and 
what data will be acquired and generated. The research highlights that data 
governance, a data architecture, and a data management plan should be aligned 
throughout the data management lifecycle to harness AI in the long-term. 

IN MANAGING DATA SOURCES, THE POLICY LAB TEAM RECOMMENDS 
THAT CED: 

• Build a data governance and a data architecture framework to 
understand the risks and opportunities of managing its data. CED should 
identify who uses the data, and under what circumstances it is used - from 
collecting the sources, preparing the data, and storing it. 

• Develop a data management plan which can help identify the weaknesses 
and opportunities of its current processes and systems by clarifying what 
data it wants to acquire and to generate. CED should ensure that critical 
people within the agency understand the data management process and 
identify if the organizational mission and priorities align with this new 
process.

• Form an essential data management team that could provide a diagnosis 
to identify gaps in the agency’s data efficiency and effectiveness. The data 
management team can help guide CED towards what it has and what it 
needs, building off of best practices from other small organizations. 

• Select a database management system that fits the agency’s 
requirements. A database management system (DBMS) is the software 
interface between users and a database and provides a visible view into a 
dataset as a single unit that is helpful for long-term data analysis. 

In the fourth component of the framework, the Policy Lab team provides an 
overview on the use of Artificial Intelligence (AI) to help predict and assess well-
being in Quebec’s diverse regions. There are both opportunities and challenges 
in harnessing AI. Advanced technology tools like AI can increase efficiency of the 
agency and can improve its existing processes. The use of well-being indicators 
along with innovative data sources can also enable AI models to be effective 
in predicting and measuring regional well-being. AI does however, come with 
significant challenges, including the lack of ethical frameworks as well as the 
complexities required to implement its tools. In the end, achieving business value 
from AI is based on the notion that an efficient government must be digitally 
transformed and can use technology like data analytics and AI when it is available. 

Prior to using AI, which uses machines capable of reviewing information, weighing 
options, learning from past mistakes, and decision-making, the Policy Lab team 
recommends CED follow six AI adoption pillars: 1) Establish Organizational 
Readiness For AI; 2) Responsible AI Guidelines; 3) AI Strategy; 4) Harnessing AI 
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Tools; 5) Policy Principles; and 6) AI Culture. Through research and consultations 
with stakeholders, these pillars were identified as essential when adopting AI tools. 
While most of the pillars will need to be established prior to adopting the AI models, 
the majority of the pillars do not require extensive governance or architecture 
plans. 

ONCE CED ESTABLISHES ORGANIZATIONAL READINESS AND 
RESPONSIBLE AI  GUIDELINES,  THE POLICY LAB TEAM RECOMMENDS 
THAT CED:

• Develop an AI strategy. This strategy should include both AI Project 
Ideation as well as a Proof of Concept (POC), which will help the department 
determine which problem requires AI to solve and review past examples 
where AI tools and algorithm models have solved a problem in the past. 

• Test the AI models to determine the best tool. For the problems that 
require AI, CED will need to hire an expert in data analysis or science. The 
POC is essentially a feasibility check, providing the department with a review 
of the requirements needed to harness AI models, the pros and cons of each, 
and valuable insight on how to solve issues and deploy the solution. Prior 
to investing time and money into solving problems, the AI Project Ideation 
and POC would ensure CED successfully deploys and harnesses AI models 
moving forward.

• Review responsible AI guidelines and policies to ensure correct use of 
AI and decrease risk. Once the expert has completed the testing phase of 
determining which AI models best answers the question, CED must ensure 
responsible AI guidelines are adhered to. The use of AI models must be 
governed to ensure correct use and decrease risk. 

• Visualize the output on a dashboard. More specifically, CED should 
continue using PowerBI to leverage existing staff skills and knowledge when 
it comes to creating the dashboard. Dashboards with visualizations and real-
time analytics will provide CED with a high level view of results from each AI 
tool selected.

Finally, the various elements of the conceptual framework provide a guideline to 
best prepare CED in implementing AI tools to assess and predict regional well-
being. Using AI could offer a long-term solution to some of CED’s existing data 
challenges and ensure that policy interventions are more targeted. With the 
government’s focus on assessing well-being and understanding the ever-increasing 
role technology plays in our lives, these four key components of the conceptual 
framework should be the blueprint for CED’s success. Strong data management 
and governance systems will best position CED to become a leader in future policy 
making within this domain.
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Introduction 
Background 
Canada Economic Development for Quebec Regions (CED) exists to “promote 
the long-term economic development of the regions of Quebec by giving special 
attention to those where slow economic growth is prevalent or opportunities for 
productive employment are inadequate.”1 The agency is working towards ensuring 
all Quebec regions and enterprises participate to their full potential in the economy 
of tomorrow, while building on their assets towards a more innovative, cleaner, 
and inclusive Quebec economy. This can be achieved by looking beyond traditional 
economic indicators, such as growth rates and employment, to gain a holistic 
understanding of regional well-being allowing for more targeted support that 
capitalizes on a region’s strengths to improve opportunity.   

Currently, delivering targeted policy interventions in Quebec regions presents 
several challenges for CED, in many ways due to an information gap. CED relies on 
economic indicators to understand a region’s conditions. This information alone 
does not provide a full picture of a region’s well-being to advance sustainable 
development and inclusiveness as set out in their vision. Additionally, the data 
that could support a broader view may not exist, or presents barriers around 
availability, accessibility and timeliness. CED is seeking to improve the granularity 
and timeliness of their data and to build the capacity to track, segment, and 
leverage publicly available data that could fill in the gaps, as one-time data 
extraction is relatively inefficient for long-term projects that require frequent 
updates, or for recurring data gathering or analysis. 

The potential use of AI could present a long-term solution to some of CED’s existing 
data challenges in hopes of creating more adaptive, responsive, and inclusive policy 
interventions. AI presents an opportunity to improve efficiency in data analysis 
with the intention of transforming a descriptive-analytical approach to a predictive 
one, leveraging the growing amount of big data available, possibly resulting 
in cost savings. Recognizing AI is a new field, there is limited AI technological 
understanding and adoption within the policymaking community from a lack of 
talent and capacity in operational branches. There also are few examples of how AI 
can be incorporated in government systems in Canada, while facing bureaucratic 
obstacles and cultures can create resistance for adopting and integrating new 
technologies into operations. 
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Project and Scope 
This research project was led by a team of students from the Max Bell School 
of Public Policy for the Policy Lab, seeking to answer CED’s question of how 
artificial intelligence can be harnessed in federal regional economic development 
policymaking to better assess and anticipate the well-being of Quebec’s diverse 
communities? The original Policy Lab challenge objectives seek to investigate 
the potential for AI tools and technologies to measure well-being and provide a 
conceptual framework for AI’s use in this context. 

Building from the Policy Lab challenge question and objectives, the Policy Lab team 
focused on three objectives of the research, taking into consideration feasibility and 
timing.

• Exploring appropriate well-being indicators and data sources; 
• Recommending relevant AI tools, technology, and capabilities; and  
• Identifying implementation considerations and potential next steps for CED 

The scope of this project is limited to exploring the conceptual application of 
AI to the listed problem as well as delivering on the three listed objectives. The 
Policy Lab team is not composed of data scientists or experts, therefore the 
information provided in this document should be considered as a starting point 
to help frame how CED can think about the challenges and opportunities. This 
project also identifies preliminary implementation considerations but will not 
provide an implementation plan nor address all implementation barriers such 
as tailored considerations of organizational size and preparedness. Governance, 
privacy, ethics, and bias will not be the focus of this project but are central to the 
application of AI and should be considered during implementation. Establishing 
partnerships with organizations may help CED along the journey of adopting AI. 
Contact information of key stakeholders interviewed for this project who are willing 
to continue a conversation will be provided outside the scope of this report. 

Originally, the Policy Lab team intended to focus its research on one region of 
Quebec to gain a more detailed understanding of regional well-being and identify 
usable and relevant data sources at a community-level scale. However, after 
research began, the Policy Lab team found that it would be more valuable to 
provide high-level insights and considerations aligned to the proposed conceptual 
framework because there was a lack of regional-specific information relevant for 
the project. Also, a major insight from the research led the Policy Lab team to avoid 
choosing one indicator and walking through the process of AI application because 
the appropriate algorithmic model would depend on the dataset and purpose of its 
use. For more information on the methodology of the research approach used in 
this project, see Appendix II. 
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The four key phases of the research align with the main components of the 
proposed conceptual framework found in the figure below (Figure 1). Each section 
will be discussed in more detail throughout the report and consist of information 
related to 1) Selecting well-being indicators, with context on transitioning from an 
economic view to a holistic place-based understanding of regions in Quebec; 2) 
Using data sources to measure indicators, including the types of traditional and 
innovative data sources that can measure well-being along with key considerations 
for selecting datasets; 3) Managing data through the lifecycle, outlining why data 
governance, and data management are needed along with best practices; and 4) 
Turning data into meaningful insights, exploring the potential for AI to assess and 
anticipate regional well-being.

FIGURE 1:  CONCEPTUAL FRAMEWORK FOR HARNESSING AI  TO 
MEASURE REGIONAL WELL-BEING
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Well-Being
Current Context
Economic development policies and programs intend to improve the living 
standards of people and communities by providing support for entrepreneurship, 
enabling job opportunities, and increased income leading to an improved quality 
of life. Economic indicators are used to measure progress over time and to assess 
the conditions to inform policy-making. On a national-level the most powerful 
economic indicator is gross domestic product (GDP) that measures the value of a 
country’s goods and services it produced in a given period. For regional economic 
development purposes, a collection of economic indicators provides a better 
understanding of local needs. CED uses an Economic Development Index (EDI) to 
assess a region’s conditions, built using variables such as the participation rate, 
level of entrepreneurship, exporting businesses, building permits value, and the 
diversification of the industrial structure. GDP and economic indicators, however, 
do not provide a whole picture of quality of life, such as who is doing well from 
growth, whether growth is environmentally sustainable, how people feel about 
their lives, and what factors are contributing to individual and country-level 
success.2 

Economists such as Kate Raworth and Tim Jackson have argued for models 
that consider a host of socioeconomic and environmental indicators that better 
reflect the needs and well-being of communities and the planet, by focusing 
on prosperity and sustainability rather than growth. These efforts have been 
termed the well-being economy movement and place three goals at the centre 1) 
Restoring a harmonious relationship between society and nature; 2) Ensuring a 
fair distribution of resources to address economic inequality; and 3) Supporting 
healthy and resilient individuals and communities.3 Similarly, the Government of 
Canada’s (GoC) recently announced Quality of Life Strategy (QoL Strategy) suggests 
that looking beyond GDP means considering 1) Quality of Life: Looking at non-
economic factors like health, housing, environment, and safety; 2) Equality: Looking 
at the distribution of outcomes and opportunities across places and people; and 
3) Sustainability: Looking at whether today’s prosperity undermines future living 
standards.4 
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Understanding the interconnectedness between 
economic, social, and environmental issues will 
help us better address problems holistically 
because policies can be designed for multi-
dimensional impacts.

In the context of a global pandemic, policies that are forward looking will consider 
inclusiveness, sustainability, and ensuring people are not left behind as Canada 
must respond to interconnected and intersectional challenges. For example, job 
losses in low-wage sectors that mostly employ young people, women, and racialized 
people; the disproportionately poor living standards among ethnic minorities and 
Indigenous populations regarding income, life expectancy, housing and health;5 
and the mass burnout from the professional class where the connection between 
working long hours leads to health issues.6 CED’s 2021 strategic plan leads with 
important principles that respond to these challenges including strategic priorities 
of Innovation and Growth; Clean Growth; Economic Diversification of Communities; 
and Participation of Indigenous Peoples. Additionally, the GoC’s QoL Strategy 
understands the cross-cutting nature of sustainability and inclusiveness in all 
quality of life domains and recommends applying that lens to all measurement 
activities.7 

Measuring Well-being
Well-being does not have one single definition, rather differs by discipline, context 
and the researcher’s approach.8, 9 The Organisation for Economic Co-operation 
and Development (OECD) defines well-being as “dimensions, covering outcomes at 
the individual, household or community level, and relating to material conditions 
that shape people’s economic options.”10 The well-being indexes reviewed for this 
project - OECD Better Life Index, Doughnut Economics, and the Canadian Index 
of Well-being - have similar definitions of well-being and use primarily objective 
(observable) indicators (e.g. Health, Environment, Job and Work quality) and some 
subjective indicators (e.g. self-perceived happiness) to represent well-being.11 
The GoC’s QoL Strategy was launched in April 2021, after completing most of the 
research for this project, however it aligns with the considerations included in this 
report and the approaches of the other well-being indexes reviewed. For example, 
recommending the use of both objective and subjective indicators, as they provide 
different information. For more information on the characteristics of the well-being 
indexes reviewed see Appendix III. 

Well-being indicators can either be objective or subjective. Objective measures 
are more useful for collecting a wider range of information of the population and 
area, and can be more qualified, defined, and reliably compared with each other. 
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Subjective measures, like life satisfaction and happiness, can be incomparable, 
incomprehensible or difficult to verify and collect.12 However, they are important 
in measuring data that cannot be captured through objective means alone (e.g. 
racism, burnout, values, attitudes, and perceptions) and become even more 
valuable when combined with objective measures. For more information on 
objective and subjective measures see Appendix IV. 

Well-Being Dimensions And Indicators
Well-being dimensions are essentially broad characteristics/themes that represent 
determinants, states, or consequences of well-being.13 Well-being dimensions that 
were commonly used across the indexes reviewed include economic and financial 
security, healthy populations, environment, and education. Community vitality, 
democratic engagement, time use, and leisure and culture are also just as critical to 
well-being, although can be overlooked. 

Within the broad dimensions of well-being, specific indicators that reflect 
the dimension are used, however are often inconsistently labelled, with the 
differences largely unclear since no agency or group oversees and coordinates 
the standardization of well-being measures from the different approaches.14 
Regardless, well-being indicators are interconnected and multi-dimensional, 
meaning one indicator is a marker of many other indicators and outcomes. For 
example, health and the economy are intrinsically connected, as several studies 
suggest non-medical factors such as living conditions contribute to 30-55% of 
health outcomes. Evidence suggests that an increase in life expectancy positively 
increases GDP,15 whereas mortality is significantly higher among temporary workers 
over permanent workers. Additionally, precarious employment is associated with 
poor physical and mental health outcomes. The ability for people to make a living 
through the labour market influences poverty levels, in addition to redistributive 
welfare systems.16 

The OECD suggests that the linkages between the drivers of well-being 
and economic growth are mutually reinforcing, especially focusing on the 
multidimensional impact of four areas of policy, including Education and Skills; 
Health; Social Protection and Redistribution; and Gender Equality.17 The Well-being 
Economy movement identifies indicators such as Healthcare – Prevention and 
Mitigation; Food Systems; Energy; Investing in Social Cooperation; and dimension, 
Education, as key markers of many other things.18 The GoC’s QoL Strategy 
commissioned a survey to identify the top three most important determinants of 
quality of life, in which the most popular choices were 1) physical health (56%); 
2) financial security (42%); 3) mental health (38%); 4) personal safety and security 
(27%); 5) personal relationships (24%); and 6) a healthy environment (21%).19 

There is not, however, a perfect combination of well-being indicators that should 
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be included in a framework, nor a perfect well-being indicator that represents each 
dimension, or measure that represents each indicator. For that reason, it is more 
important to choose indicators that accurately reflect CED’s goals and desired 
outcomes and that are valid, reliable and can be measured consistently over 
time.20, 21 There will, however, be trade-offs when choosing indicators as some will 
be better at, for example, meeting factors such as timeliness, and worse at factors 
like the ability to disaggregate data. The GoC recommends using the following set 
of criteria when choosing indicators for the QoL Strategy, that CED can apply to 
its indicator selection. For a full glossary of well-being dimensions, indicators, and 
measures aggregated from the well-being indexes reviewed, that CED can choose 
from, see Appendix V. 

TABLE 1:  FACTORS TO CONSIDER WHEN CHOOSING INDICATORS. 22

Selection 
Criteria Factor Key Questions

Is it meaningful, 
in that it is 
informative 
about quality of 
life in Canada?

Relevance How strongly is it associated with people’s 
quality of life and sense of well-being?

Comprehensive-
ness

Does it capture a wide range of factors 
associated with quality of life?

Clarity Is it easy to understand, interpret and 
communicate?

Complementarity Does it complement or duplicate other 
indicators in the framework?

Can it be 
measured?

Availability Does the data already exist or would it 
need to be collected?

Accuracy How reliable and noisy are the data?

Granularity
Is it available for different groups (e.g., 
gender, age, income, province and 
territory, Indigenous Canadians)?

Timeliness How frequently is the data updated?

Comparability Is the data comparable across regions and 
over time?
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Selection 
Criteria Factor Key Questions

Is it moveable, 
and can it be 
effectively 
applied to 
policy-making?

Responsiveness Is it sensitive to changes in federal policy?

Attribution Is it easy to identify the impact of federal 
policy changes on the indicator?

Consistency

Is it being used in other frameworks, 
both internationally (e.g., Sustainable 
Development Goals) and domestically (e.g., 
Poverty Reduction Strategy)?

Interpreting Well-being  
When tracking progress against indicators over time, it is important to keep the 
aspirational goal in mind rather than focusing too closely on changes in the metrics, 
as progress could be made without it being reflected in the outcomes. For example, 
organizations shifting focus to engaging with the community rather than solely 
delivering services reflects important process changes, or the community’s mindset 
on diversity shifting could point to a future change in sense of belonging.23 

Measures must be connected to a goal and story, 
leveraging longitudinal analyses, to move beyond 
snapshots that act as “...a great accounting tool 
right now to show how bad we are doing”.24 

For example, measuring the parts per million of greenhouse gases (GHGs) in the 
atmosphere is easier than enacting policy interventions; and solutions to reduce 
GHG emissions are easier to create than framing a narrative around climate change 
that inspires action to adopt the solutions.25

The two major approaches for presenting multi-dimensional well-being data are 
either in the format of a dashboard or composite index. The GoC’s QoL Strategy 
recommends the standard of practice used in most international well-being 
frameworks, which incorporates a dashboard of indicators over a composite 
index. With a dashboard approach, patterns are straightforward to interpret, do 
not require specific assumptions, and can provide analytical detail and granularity 
useful in supporting specific policy recommendations. However, the main message 
may be difficult to understand and priorities can be hard to set, especially with 
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large amounts of information that can make it difficult to visualize and investigate, 
while potentially including more indicators than necessary.26, 27  

Composite indices on the other hand can build off the dashboard but attach a 
weight to various indicators to aggregate and standardize scores into one measure 
used to rank regions. Normative weights could be applied using equal, arbitrary, 
or expert opinion-based weights, or data-driven methods from preexisting 
distributions. However, it is often difficult to appropriately attach a weight to 
indicators that accurately reflect its importance and contribution to living standards 
as there is not a concrete conclusion to the degree of causal links between well-
being measures. It could become controversial and challenging to explain to the 
public. Additionally, information needed to appropriately identify which weights 
are more important to regions is likely not available.28 A composite index would 
also likely obscure underlying challenges of a region as it doesn’t point to specific 
policies or challenges. For examples of well-being dashboards see Appendix IV. 

Recommendations: Selecting Well-Being Dimensions, 
Indicators, And Measures

1.  DEVELOP A CED-SPECIFIC WELL-BEING FRAMEWORK ALIGNED 
WITH GOALS AND MANDATE. 

First, identifying what well-being means for Quebec in the context of CED’s 
capacity can provide a useful starting point for determining what information 
would need to be gathered to inform progress on well-being goals for the region 
(e.g. innovation, sustainable development, inclusiveness). CED’s existing strategic 
plan could be used as a starting point, where dimensions and indicators could 
be mapped to align with the organization’s priorities and objectives. 

The GoC’s QoL Strategy provides a broad framework including quality of life 
domains and indicators that may be useful for shaping CED’s approach, however 
it is important to take into consideration that the context, purpose, and priorities 
will differ. As a result, CED should adapt the framework and choose indicators 
relevant to their context by incorporating their existing economic indicators 
from their EDI, in addition to indicators that measure aspects of well-being 
pertinent to the agency’s goals. Since well-being indicators are interconnected 
and multidimensional, a combination should be included in a framework that 
reflects a balance across all well-being dimensions and measures relevant to 
desired outcomes. 

SOME GUIDING QUESTIONS CED COULD ASK AS THEY CREATE A WELL-
BEING FRAMEWORK INCLUDE:

• What is CED hoping to achieve?
• What information is needed to inform progress?
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2.  CHOOSE WELL-BEING INDICATORS AND CORRESPONDING 
MEASURES WITHIN THE FRAMEWORK THAT HAVE RELIABLE AND 
RELEVANT DATA THAT CAN BE MEASURED OVER TIME.

A selection of well-being dimensions, indicators, and measures aggregated from 
the well-being indexes reviewed is available in Appendix V. Indicators chosen 
within CED’s well-being framework should be able to track progress over time 
by having sufficiently reliable and frequently updated information. There will 
never be a perfect measure or indicator, rather the measures should accurately 
reflect the indicator used to evaluate the corresponding dimension taking into 
consideration the selection criteria presented in Table 1. 

Health is an indicator within the healthy populations dimension in Appendix V 
that offers a useful starting place as the field has well-developed community-
level data frameworks that consider objective socio-economic well-being 
factors that contribute to individual health. The connections between economic 
conditions and health, and vice-versa, are well established. This means that 
existing research can point to available and relevant indicators, measures, 
and data sources useful for predictive modelling. In addition, there are several 
examples of AI being used to measure aspects of health, available in the Case 
Studies section. 

WHEN SELECTING WELL-BEING INDICATORS, CED SHOULD KEEP THE 
FOLLOWING QUESTIONS IN MIND:

• What indicators provide useful information for CED’s goals?
• What indicators have reliable, relevant, and timely data?

3.  USE A DASHBOARD TO VISUALIZE WELL-BEING INDICATOR DATA 
ACROSS REGIONS AND TO MEASURE PROGRESS OVER TIME  

It is important to be able to see the granularity in the data for each indicator by 
measuring and visualizing them separately, rather than creating a composite 
score with weighted measures to rank regions with a single metric (composite 
measure). This will allow for a better understanding of the conditions in a 
region to be able to target responses more effectively. For example, a targeted 
economic intervention in a region with poor air quality related to industry could 
focus on providing support for investing in technological advances to reduce 
emissions. 

A composite score with regional rankings resembles the existing EDI CED 
uses, which is used to flag at-risk regions that need more support but don’t 
necessarily paint the picture as to why and what support is needed most. It 
is also difficult to come to an appropriate weighting system for the measures 
included in a composite score, as the exact contribution of each indicator to 
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well-being is largely unknown. That being said, composite measures could be 
useful in addition to the dashboard of indicators if they can tell more powerful 
stories once multiple indicators are combined. 

The style and functionality of a dashboard will depend on the audience. CED 
should strive to make their data available publicly in the long-term to align with 
open government priorities by creating clickable functionality to sort between 
well-being dimensions and indicators. The dashboard should also track whether 
there has been a positive, negative, or no change among indicators, similar to 
the UK’s national well-being dashboard.29 In the near-term a dashboard should 
be understandable by CED’s staff, including those with limited data literacy, to 
be able to make decisions most effectively. 

WHEN VISUALIZING PROGRESS AGAINST INDICATORS, CED SHOULD 
KEEP THE FOLLOWING QUESTIONS IN MIND:

• What is the purpose of the dashboard (e.g. internal decision-making, public 
transparency and accountability)?

• How might a dashboard be designed for the most functionality and ease of 
use?
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Data Sources
Well-being Data  
Measuring well-being indicators for regions in Quebec to inform decision-making 
requires the collection of accurate and reliable data, as data-driven decisions can 
help improve precision and predictive insights in policies and programs. National 
statistics are often looked to as sources of reliable data, capturing national 
averages. But, they often ignore disparities within populations, communities, 
and households including income, age, sex, gender, geography, and disability. 
This type of information is particularly important for measuring well-being to 
offer more targeted insights to achieve well-being goals and multi-dimensional 
impacts. Yet, there is no single survey tool or dataset that includes all types of data 
disaggregation. 

In the context of Quebec’s diverse regions, collecting disaggregated data would help 
CED understand impacts of its policies and outcomes at a granular and place-based 
level. Data collection in communities that are removed from urban centers present 
various challenges, including lack of accuracy and representativity. It is particularly 
important to look at populations that are most invisible or left behind by current 
methods of data collection and data sources to measure well-being accurately 
and representatively. For instance, datasets are less likely to include respondents 
from transient populations, such as migrant workers or students, as they are more 
difficult to survey and track longitudinally.30 

Data strategies should identify populations 
overlooked by current data collection methods and 
determine representative data sources to measure 
well-being in diverse regions. 

One of the main challenges in accessing reliable and representative data is the lack 
of data sharing in Canada. The lack of data sharing can lead to a lack of availability 
and access to various data sources to measure well-being indicators. Because 
data is the basis of AI, it can be a challenge to adopt AI if the agency lacks access 
to reliable and quality data.31 However, there are various data sources, whether 
traditional or innovative, that are available and that could be leveraged by CED to 
build a database. For instance, the Open Government portal and Statistics Canada 
are the most common sources for disclosing data. Some departments can work 
fully in house, while others collaborate with universities and research institutes. 
It is also possible for CED to acquire data from the private sector either through 
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partnership agreements or by purchasing data. There are also several data sources 
that are available publicly which will be discussed in the following section. 

Types of Data Sources
There are various types of data sources, including traditional data sources such as 
government surveys and administrative data, and innovative data sources such as 
social media data and web search data. Although both traditional and innovative 
data sources have strengths and limitations, they can both be used together to 
complement information and improve accuracy. The following table (Table 2) 
outlines innovative and traditional data sources CED can potentially leverage for 
measuring well-being.  

TABLE 2:  INNOVATIVE AND TRADITIONAL DATA SOURCE TYPES 

Type of Data 
Sources Examples

Traditional Data 
Sources

Households and consumption data

Surveys and Censuses data

Administrative data

Ministries and government data

International organizations statistics

Innovative Data 
Sources

Telecommunications data

Geospatial data

Social Media data

News record data

Transactional data

Web Search data

Crowdsourced data 
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Traditional Data Sources 
Well-being indicators are currently measured by conventional data sources, 
such as household income surveys, and consumption surveys. While surveys are 
considered reliable and valid, they have some significant drawbacks. The table 
below (Table 3) provides an overview of the strengths and challenges of using 
traditional data sources to measure regional well-being.

TABLE 3:  STRENGTHS AND CHALLENGES OF TRADITIONAL DATA 
SOURCES.

Traditional Data Sources

Strengths Challenges

Accurate and valid 
data High cost of large-scale surveys

Reliable sources Spatial variations across regions are not always captured

Easily and publicly 
accessible

Survey data is mostly gathered at the household level. It 
can lead to disparities at the individual level.

Traditional data sources such as surveys can provide reliable sources through 
government mandated collection, such as Statistics Canada’s surveys. Traditional 
data sources, such as national surveys and government statistics, are also more 
easily accessible than proprietary data collected by private companies. In part, due 
to private companies rarely making their data public. LinkedIn, for instance, does 
not publicly disclose all of its data, but sells its labour data through its platform 
Talent Insights. 

There are some limitations to traditional data sources such as the difficulty in 
accessing timely data. For example, household income and consumption surveys 
tend to be conducted over a longer period of time, thereby making it difficult for 
policymakers to get continuous updates on well-being indicators. A challenge from 
using survey data for regional economic development is that large aggregation 
of data can inevitably lead to mask disparities at a regional and community level. 
In averaging data between communities of high and low vitality, it could result in 
losing a significant amount of granularity.32 Surveys can also be costly, putting a 
burden on businesses and individuals.  

Another challenge of using traditional data sources in regional analysis is the static 
nature of data that does not necessarily allow for understanding of behaviors 
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and relations between markets and institutions over time.33 Geographies are 
based on organic, relational networks that are connected by economic interests 
and common infrastructures.34 Regional economic analysis using traditional data 
sources can provide disjointed snapshots that can lead to incomplete results. 
Transactions between firms and people are important elements to determine a 
region’s economy. Nevertheless, these transactions do not only happen within the 
boundaries of political entities or Censuses.35 

Innovative Data Sources
New and innovative data sources have great potential to help fill in knowledge 
gaps in traditional data sources and overcome their limitations. Yet, there are 
also challenges to collect and use innovative data sources to measure well-being 
indicators. The table below (Table 4) provides an overview of the strengths and 
challenges of innovative data sources.  

TABLE 4:  STRENGTHS AND CHALLENGES OF INNOVATIVE DATA 
SOURCES.

Traditional Data Sources

Strengths Challenges

Potential for more 
real-time data

Data is not always reliable

Diverse sources of 
data

Data can be biased to one segment of the population

Potential to better 
identify relationships 

There are important privacy and ethical concerns

Innovative data sources can allow us to better analyze the opportunities for 
economic expansion and vitality in regions and fill information gaps. In addition, 
they could strengthen the identification of relationships between institutions, 
networks and residents to identify their relation within and outside a region,36 
and have the potential to be much more real-time than a survey.  Innovative data 
sources and collection methods also allow for more data to be collected and 
analyzed from diverse information sources.

Innovative data sources often rely on big data which also has important limitations, 
such as biases towards one segment of the population, for instance, young people, 
or those that have access to the internet, who are more likely to use social media 
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platforms. Additionally, open data sources may not always be reliable. While there 
is a significant amount of data publicly available, this data may not always be real-
time, because it is being compiled and reviewed before publication.37 

Whether using traditional or innovative data sources, it is important to ensure that 
the data is representative to avoid bias.38 Privacy concerns in using innovative data 
are also significant, for example, there are important ethical concerns with web 
scraping such as the lack of consent in using open data sources. Access to open 
data can also be limited by privacy concerns. Individual privacy and confidentiality 
should be considered as direct costs associated with open data sources. To protect 
privacy or ensure data is free from confidential information, data providers often 
have to inspect and scrub data.39 Additionally, using a technology like AI with 
innovative data sources creates an additional layer of ethical and governance 
considerations in part because AI can collect data that is not directly related to the 
purpose of AI (collateral data) that can be used for other purposes.40 

Potential Innovative Data Sources for Well-being
CED could employ a variety of innovative data collection methods for well-being 
measurement explored below, with the potential for AI to be leveraged. 

CALL DETAIL RECORD (CDR) DATA

CDR data is useful to monitor and understand geographical, temporal, and 
interaction information on mobile phone use.41 CDR data has been used to closely 
observe the mobility of the population and can help examine the diversity of 
mobility and volume which are both correlated with socioeconomic well-being.42 
For example, some public health researchers propose to use CDR to track COVID-19 
spread and effectiveness of interventions.43 Mobility patterns create an opportunity 
similar to objective traditional methods and could be used for more granularity 
and real-time data.44 However, it may not be precise enough to correlate variables 
of interest unless it is combined with other sources, like Remote Sensing (RS), and 
is verified with traditional sources of data.45 Additionally, phone companies in 
Quebec like TELUS heavily rely on their customers’ trust for data protection and 
limit the availability and accessibility of this information.46 Nevertheless, CDR has 
the potential to be configured to gather data and conserve anonymity, but mobile 
phone customers should be aware of the use of their data and give consent.

GEOSPATIAL DATA: GPS AND TRANSPORTATION

GPS data can be used to monitor health, socio-economic development, and safety 
to measure objective well-being. In the context of regional economic development, 
GPS data can be a useful tool to extract data at a granular level. One of the 
advantages of using GPS data is that it can cover rural areas in contrast with other 
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data sources that usually reflect urban areas.47 However, privacy concerns may 
restrict access to large GPS data collection. Researchers in Tuscany, for example, 
used GPS data from cars to assess mobility at the local and state level in relation to 
poverty. The study found that although more evidence is needed, innovative data 
sources have great potential to reflect aspects of well-being, as well as to support 
survey-based evidence.48

SOCIAL MEDIA DATA

Social media data that can be accessible through social media platforms such as 
Facebook, Twitter, or Instagram have extensive information about online users, 
which can be harnessed to analyze user’s activities and behaviours for many well-
being dimensions. As Twitter allows access to data through APIs, it is the most 
popular social media platform for data collection.49 Social media data also presents 
limitations including that they may reflect social biases and that users on social 
media platforms are not representative of the population as whole. As the available 
data do not fully reflect the relevant characteristics of the broader population, 
determining representativeness can be difficult.50 The quality of social media 
data may also be put at risk by sparsity and noise (content that is incomplete or 
corrupted).51 Although private companies often do not provide free and accessible 
data, some companies do not charge for their data, such as Facebook. Some open-
source data on labour insights is also available through EMSI and Burning Glass 
which scrape data from LinkedIn. While social media data is often made public, 
that does not necessarily mean that its use is ethical, as users do not provide fully 
informed consent for their data use.52 

HEALTH AND FITNESS MOBILE APP DATA 

Health and fitness data gathered from mobile application data can be used to 
monitor the health dimension of well-being. Mobile app data, such as lifestyle 
habits data can help understand the population’s eating and physical activity 
behaviors. Health and lifestyle data can, however, be biased towards people who 
use health and lifestyle mobile apps and are more concerned with their health.

NEWS RECORD DATA

News records available digitally generally describe socio-economic events or 
political events, representing diverse purposes from holding the government 
and big corporations accountable, to providing general information to citizens. 
Newspapers are updated on a regular basis and collect extensive amounts of 
historical information over the past decades. Health, socio-economic development, 
and environmental dimensions among others, can be measured using news data. 
However, news data may be subject to gatekeeping bias, since journalists and 
editors decide what to report on.53 In writing pieces, journalists also have biases 
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when it comes to covering certain events and making statements which may distort 
the objectivity of the data being used. 

TRANSACTIONAL DATA

Data derived from transactions such as retail scanner data and sales terminals 
provides data on a single item basis and records of every transaction. 54 These data 
can provide important insights on consumers’ purchasing behaviours providing 
insights on health and socio-economic development. Legal constraints may 
however create barriers to accessing retailer’s retail scanner information.  

WEB SEARCH DATA

A web search engine tracks how often specific terms are entered by users to 
find information. With these data there is the potential for real-time analysis and 
forecasting across regions related to health, employment and socio-economic 
data. Web search data is convenient, collected regularly and flexible. However, 
identifying the relevant terms and search queries can be challenging and the 
population size varies across regions resulting in different volumes of data, limiting 
representativeness. 

CROWDSOURCED DATA

A crowdsourcing project involves utilizing the internet, smartphone apps, or other 
technology to gather work, data, or opinions from a wide audience.55 The collection 
of crowdsourced data is participatory and involves large sets of data. Crowdsourced 
data can provide insight into health, employment, as well as socioeconomic 
progress and it is relatively easy and inexpensive to access. However, there are 
challenges associated with crowdsourcing. A crowdsourced study may, for instance, 
have low quality results because participants inadvertently give incorrect answers.56 
While the collection of crowdsourced data offers a lower cost alternative to 
traditional data collection methods, there are also some important sampling and 
reliability issues.57 Collecting crowdsourced data may not be suitable for rigorous 
sampling structures and data analysis.58 Technology limitations and lack of internet 
access may also limit the use of crowdsourcing in rural and remote areas.59 

The table (Table 5) below shows potential uses of both innovative and traditional 
data sources, as well as examples of data sources CED should consider using to 
measure well-being indicators. The table provides links to access the data sources 
and/or the point of contact when available. The table also identifies if data sources 
are freely available public data. A version of this table that includes opportunities 
and challenges of the data sources is available in Appendix VI. CED could use this 
table as a starting point to identify data sources that appropriately respond to 
chosen well-being goals and indicators. 
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TABLE 5:  INNOVATIVE AND TRADITIONAL DATA SOURCES EXAMPLES. 

Type of 
data Data source Example Free / Point of 

Contact (POC)

Innovative

Social media 

EMSI;
Burning Glass (Labour 
Insights from LinkedIn 
& Facebook)

Free

LinkedIn for Developers 
(Economic) Free

Twitter for Developers  
(Economic & Health) Free

Telecommunica-
tion data

CDR (strong proxy 
for socioeconomic 
behavior60) 

Privately owned. 
TELUS, ROGERS, 
BELL.

News search data Google Trends (Internet 
job search trend index) Free

Geospatial data
Remote Sensing 
(Socioeconomic, 
environment, health)

POC: Canada 
Centre for 
Remote Sensing - 
Directory

Largest Indigenous 
community and 
business database 
in Canada

Indigenous Tech.ai 
(Economic)

POC: Nuzio 
Ruffolo, nuzio@
indigenoustech.
ai for more 
information.

https://www.linkedin.com/developers/
https://developer.twitter.com/en
https://trends.google.com/trends/explore?geo=CA-QC&q=%2Fm%2F0694j
https://www.nrcan.gc.ca/science-and-data/research-centres-and-labs/canada-centre-remote-sensing/21749
https://profils-profiles.science.gc.ca/en/search/profiles/remote sensing
http://indigenoustech.ai
mailto:nuzio@indigenoustech.ai
mailto:nuzio@indigenoustech.ai
mailto:nuzio@indigenoustech.ai
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Type of 
data Data source Example Free / Point of 

Contact (POC)

Traditional 

Open source data
Open Data (Economic 
& Fiscal snapshot 
metadata)

Free

Open source data, 
contained in a da-
tabase 

Conference Board of 
Canada

POC: General 
Inquiries 1-866-
711-2262

Survey data and 
administrative data

Statistiques Québec 
(ISQ) Free

Economic statistics Quebec Internationale 
(economic statistics)

Free,
POC: Émile 
Émond, 
eemond@

Conference Board 
of Canada & Statis-
tiques Québec 
(ISQ)

Montreal International

POC: Francis 
Bouchard, 
francis.
bouchard@
mtlintl.com 

Customized tables 
from Statistics 
Canada and other 
sources

The Community Data 
Program from the 
Canadian Council on 
Social Development 

POC: Michel 
Frojmovic
michel@ccsd.ca 

Administrative data
Data Sharing Agree-
ments with other  de-
partments 

Free

Combined

Indexed datasets 
(various sources)

Happiness Alliance
(Economy, Health,  
Environment)

POC: info@
happycounts.
org  for more 
information

Indexed datasets 
(various sources)

OECD
(Canada’s Economic 
Snapshot)

Free

Open source data-
sets & algorithms GitHub Free

https://open.canada.ca/data/en/dataset/053ec8c5-5cb0-4df8-8037-5997d9c4e3dd
https://open.canada.ca/data/en/dataset/053ec8c5-5cb0-4df8-8037-5997d9c4e3dd
https://www.conferenceboard.ca/focus-areas/canadian-economics
https://www.conferenceboard.ca/focus-areas/canadian-economics
https://statistique.quebec.ca/research/#/donnees/outil-recherche
https://www.quebecinternational.ca/en/quebec-economic-statistics
mailto:eemond@quebecinternational.ca
https://www.montrealinternational.com/en/partners/
mailto:francis.bouchard@mtlintl.com
mailto:francis.bouchard@mtlintl.com
mailto:francis.bouchard@mtlintl.com
https://www.ccsd.ca/index.php/enable/community-data-program
https://www.ccsd.ca/index.php/enable/community-data-program
mailto:michel@ccsd.ca
https://www.happycounts.org/for-researchers.html
mailto:info@happycounts.org
mailto:info@happycounts.org
mailto:info@happycounts.org
https://www.oecd.org/economy/canada-economic-snapshot/
https://github.com/collections/open-data
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Recommendations: Using Data Sources To Measure 
Well-Being Indicators

1.  DETERMINE DESIRED OUTCOMES AND INSIGHTS FROM USING 
PARTICULAR DATASETS.

In selecting data sources, CED should strive to identify traditional or innovative 
sources that satisfy its interests and desired outcomes. To do this, CED 
should assess the types of data sources that would provide the most valuable 
information when identifying well-being measures and indicators. Similar 
considerations when choosing indicators must be taken into account when 
selecting data sources. 

First, an appropriate data source must be available and reflect the selected 
indicator, the geographic area, and target population being measured. Any 
differences should be accounted for in the interpretation of the findings.61 
Next, combining data sources will provide the most opportunity for useful 
insights, however integrating disparate datasets is time consuming due to the 
variations in the way data is defined, recorded, and analyzed, as well as a lack 
of consistency among local, provincial, and national systems with varying access 
and availability. 62 Subsequently, time lags in the available data are common 
and should be planned for. Lastly, determining the quality, completeness and 
reliability of the data will inform the approach used to analyze the data, as data 
limitations and issues can be addressed using statistical and analytical methods, 
or discussed in the findings.63 

THE FOLLOWING QUESTIONS WILL GUIDE CED IN THE 
IMPLEMENTATION OF THE RECOMMENDATION: 

• What data sources align with CED’s interest and desired outcomes?
• What types of data sources provide the most valuable information when 

identifying well-being measures and indicators?

2.  USE DATA DISAGGREGATED BY AGE,  GENDER, RACE,  DISABILITY 
STATUS, SEXUAL ORIENTATION, EDUCATION ETC. WHERE 
POSSIBLE TO UNDERSTAND INTERSECTIONAL AND MULTI-
DIMENSIONAL ASPECTS OF WELL-BEING.

Another important consideration is that the most vulnerable groups are usually 
the most hidden groups, or those whose data is least accessible. Using a mixed 
approach in data sources can help reduce gaps in data, in addition to gathering 
disaggregated data. 
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Community-level data, in addition to regional, provincial and national data, 
should be used to ensure data from rural communities is obtained. Community-
level data is used to measure the various dimensions and indicators of 
community well-being. Community-level data is often gathered in surveys, 
however several other traditional and innovative external sources are available. 
Additionally, community-level surveys can provide useful information for place-
based analysis and help alleviate rural disparities. The granularity of information 
provided by regional surveys can be most useful for developing community 
profiles. Although gathering small data from community-level surveys can make 
it challenging to differentiate underlying trends from statistical noise, there are 
many strategies that can help alleviate this issue -- including  using multi-year 
averages and providing transparency about confidence intervals. 64 

In addition to community-based surveys, other strategies should be put in place 
to alleviate rural disparities and ensure there is viable data available in rural 
areas. For instance, CED should develop a strategy to fill in data gaps in remote 
communities, including by using innovative data sources that have potential to 
gather granular and spatial data such as CDR or GPS data.

THE FOLLOWING QUESTIONS WILL GUIDE CED IN THE 
IMPLEMENTATION OF THE RECOMMENDATION: 

• What community-level data can CED gather to ensure data from rural 
communities is obtained?

• How can CED leverage innovative data sources to gather granular data and 
data from underrepresented groups?

3.  EMPLOY A MIXED APPROACH TO DATA SOURCES INCLUDING BOTH 
TRADITIONAL AND INNOVATIVE DATA SOURCES.

To ensure knowledge gaps are filled, several methods of objective well-being 
measurement must be developed based on a combination of data from 
new sources and traditional surveys. Rarely can a single dataset provide a 
complete picture. A significant amount of bias, gaps, and blind spots will need 
to be addressed. One way is to use multiple data sources and improve data 
integration to gain a diverse perspective on the well-being measure.

CED has the opportunity to strengthen the use of traditionally collected data 
sources and methods to increase the precision in its measures of interests and 
desired outcomes.  CED should continue to leverage traditional data sources 
while integrating new and innovative data sources. For example, data from the 
Canadian Internet Use Survey, which will be released in June 2021, could also be 
of use to CED as there are various questions aimed to understand self-perceived 
well-being and how it is linked to digital activities. 



36CANADA ECONOMIC DEVELOPMENT FOR QUEBEC REGIONS (CED)

THE FOLLOWING QUESTIONS WILL GUIDE CED IN THE 
IMPLEMENTATION OF THE RECOMMENDATION: 

• What data sources are relevant to measure the well-being indicators?
• How can innovative and traditional data sources be used to fill in gaps?
• What multiple data sources can CED use to improve data integration?
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Data Management
Governing processes and principles are important to manage data, starting from 
the data sources being used to measure the selected well-being indicators. Data 
management enhances organizational data literacy by building understanding of 
how data is managed within the agency. Developing data management plans can 
also help identify opportunities and gaps in organizational processes and guidance 
to help the agency manage its data. Additionally, it can help identify which tools 
and recommendations should be implemented in the data management lifecycle to 
improve efficiency and standardization of processes for replicability. Furthermore, 
best-practices can be adopted to keep CED’s data management optimal and 
increase data capability for AI adoption. Good data management is reflected in 
overarching data governance and data architecture frameworks that establish 
plans, best practices, and assess organizational and system capabilities.

Data Governance and Architecture
Data governance definitions and components vary based on stakeholder 
needs and organizational capacity. However, its aim is to understand the risks 
and opportunities, and manage data throughout its lifecycle for internal and 
external applications. Additionally, it seeks to administer data, reduce costs and 
complexity, and realize new sources of value while being clear and simple to follow. 
Decisions must be made in a simple and understandable way to ensure effective 
management and use of data.65 Focusing on data stewardship, data quality, and 
total data management to assure data is consistent and trustworthy can help make 
data governance clearer. 

Data governance involves establishing a set of rules and policies that determine 
decision-making and authority for data-related matters, tackle data quality 
concerns and manage the availability, usability, integrity, and security of data 
and data assets. A sound data governance program includes a governing body or 
council, a defined set of procedures and a plan to execute those procedures, and is 
usually involved at an organization’s strategic, tactical, and operational levels.66

Data stewardship is significant to data governance, to help establish methods 
and procedures for collecting and analyzing data, as well as to outline the data’s 
permissible uses. For instance, risk assessments can be employed when choosing 
data sources that measure well-being indicators. If the level of data sensitivity, data 
quality assessments, and data consent risks are well understood, then informed 
decisions can be made. Data protection officers could be involved for the duration 
of a project, especially at the beginning, to provide insight into data governance 
elements such as planning data collection, who is collecting it, and how data will be 
stored to align with data protection standards.67



39MAX BELL SCHOOL OF PUBLIC POLICY | JULY 2021

Data governance is not purely a technology function; instead, business units 
drive it and form a bridge between the management and technology services and 
providers. Executive and senior sponsorship must be present as data governance 
impacts the trust and reputation of the agency. It is the interaction among 
people, processes, technology and culture that spurs the success or failure of 
data governance.68 CED should consider the risks of more advanced technology 
adoption in the absence of data governance. An example of this is the 2020 case of 
Desjardins’ Group personal data leak, where authorities pointed out that internal 
controls and good management practices were absent.69 

One relevant piece of data governance is data architecture. A data architecture 
focuses on the technology and infrastructure design, standardizing how data is 
collected, stored, transformed, distributed and used.70, 71 

A data architecture must reflect the appropriate 
technology and  design to harness AI in the long-
term. All while addressing bias, limitations and 
risks of using data that accurately represents 
Quebec’s population.

McKinsey outlines six key considerations when building a data architecture to drive 
innovation by transitioning through major shifts. 72 For a detailed outline of the 
steps refer to Appendix VII.

Data Management Plan
A data management plan (DMP) enacts the policies and procedures around data, 
usually from the data governance framework to compile and use the data for 
decision-making purposes. While many aspects overlap with the components 
involved in data governance, the data management plan operationalizes the 
management, description, analysis and storage of data.73 It also outlines the 
standards used and how data is handled and protected throughout a project. 

First, CED would have to determine what data it wants to acquire and what data 
it wants to generate. For example, self-perceived health perceptions from 1) 
Structured data from traditional and community-based surveys (traditional data); 
or 2) Unstructured data from chatbots, social media (innovative data). After this, 
a DMP can assist with assessing organizational and system requirements. Some 
stakeholders argue that not having a DMP could increase risks to data like its 
robustness, updates, bias, security, and ethics. 
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To harness AI in the long-term CED could begin 
by engaging in creating a data management plan, 
which can help identify the weaknesses and 
opportunities of its current processes and systems.

ORGANIZATIONAL CAPABILITIES AND SYSTEM REQUIREMENTS

Standard roles for data management in a ministry include data custodians, data 
standards managers and data stewards. If the agency is small, some of these roles 
may be merged into a couple of data managers and through short-term contracts. 
According to salary guides, a Big Data manager’s salary can range from $110,500 to 
$193,500 CAD, and an AI architect’s from $69,750 to $133,000 CAD. 
 However, larger organizations could enable the addition of core personnel like a 
data resource manager, application custodian, data architect, etc. Individuals in 
these roles can help identify gaps in the agency’s data efficiency and effectiveness, 
and provide guidance on updates, preferred software, and data management. Free 
tools on the internet can help assess organizational and system requirements, 
guided by an organization’s data management plan, but a critical group committed 
to the entire data management lifecycle indicated in the conceptual framework 
(Figure 1) will be most effective. Some interviewees argued that a team of ten 
people are capable of managing data for small organizations. However, the most 
important thing is that the goal of data management is clear and specific. 

DATA MANAGEMENT PLAN LIFECYCLE

An organized and documented sequence of managing data from when it is created 
or acquired to its archival point creates a sound foundation for adopting AI 
processes. The sequence of data collection, processing, storage and management 
resulting in information generation is often referred to as the data lifecycle. 
 The first few steps of the data management lifecycle proposed in the conceptual 
framework includes 1) review and explore the data collected; and 2) clean and 
structure data (Figure 2).
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FIGURE 2:  INITIAL STEPS OF DATA MANAGEMENT LIFECYCLE
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While reviewing and exploring well-being data, users should clearly define variables 
and identify relationships between the data. This is a fundamental step to identify 
gaps in data quality, ensure data is complete (especially when narrowing down 
the data to a local or regional level). This is also known as data documentation 
and quality assurance. Cleaning and structuring  well-being data should focus on 
making the data easy to share, replicable, and reusable. This will increase process 
efficiencies, help optimize data quality, and reduce costs of ownership for data 
and infrastructure investments. There are several variations of life cycles used by 
businesses CED can draw on as they build out their plan.

This process can help prepare for integrating different data sources such as 
structured data (surveys, indexes), and unstructured data (social media posts, 
web search data) as well as relating indicators being measured with geographic 
locations.74 Data from different sources can be loaded into a cloud platform 
for quick, accessible, and comprehensible analysis of well-being indicators. 
Data documentation of the selected data sources should include their origin, 
format, technical details, and retrieval process. This step is also known as data 
documentation.75

Best practices of the data management lifecycle can help guide the adoption of 
organizational plans to ensure well-being data is understandable, measurable, and 
able to predict future outcomes. 

BEST PRACTICES OF DATA MANAGEMENT

Data management best practices can inform organization optimization, 
documentation, and preservation of files, and how best to use and protect sensitive 
data. Best practices that are most useful for CED to consider for measuring and 
predicting well-being include file format, using metadata, making data malleable 
for combination, considering sensitive data, and visualization of data. For more 
information on these listed best practices, refer to Appendix VIII.

However, one of the most critical best practices for AI adoption CED should 
consider is data storage. Once cleaned and structured, the data should be stored 
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somewhere for it to be retrieved later. A database is a collection of data and all 
of the supporting data structures. A Database Management System (DBMS) is the 
software interface between users and a database.76 A DBMS provides a visible view 
into a dataset as a single unit, and works to define data, update data, retrieve or 
query data, perform database administration, modify parameters, and perform 
analytics on the data within the database. Today, the amount of storage and 
database engines is vast and there are many competing technologies. Popular 
DBMS are MySQL, PostgreSQL, MongoDB, and Oracle77. However, CED has access 
to Cloud Brokering Services for storage with Amazon Web Services, Microsoft, 
Oracle, Salesforce, and IBM.78  For more information on database features and 
characteristics, please see Appendix VIII.

Potential Use of AI in Data Management
Several parts of the data management lifecycle require tedious and repetitive tasks 
that can be relieved through the use of AI for a more efficient process. These are 
pointed-out with black stars inside the framework (Figure 1). There are several 
examples of activities and procedures that the Policy Lab team has identified 
where CED can have some potential AI use. However, this use of AI is not always 
for measuring or predicting well-being, as it can also be used for managing data 
efficiently, as described below.

DATA COLLECTION 

In the data collection stage, AI tools may be used to collect data. Examples of the 
AI tools include Robotic Processing Automation (RPA), Application Programming 
Interfaces (API), and python scripts. As explained in a webinar hosted by the 
Canadian School of Public Service (CSPS), GoC departments have already begun 
to use RPA to automate data collection processes and alleviate staff from tedious, 
manual work.79 

It is also recommended that organizations practice mindful data collection, which 
is “the practice of considering the uses of data before you even create them in your 
environment.”80 For example, CED should review whether the data desired already 
exists within the department prior to looking for data from new and innovative 
sources.

REVIEWING AND EXPLORING DATA

Platforms from Microsoft like Azure AI provide some tools like Optical Character 
Recognition (OCR) capabilities to extract data from unstructured files like 
documents or images.81 Natural Language Processing (NLP) can also be used here 
to do word counting and detect language. This data reviewing tool is handy for 
those working in English, however, can become limited when structuring data in 
French since this language is not likely used in training datasets. 
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QUALITY CONTROL

Quality control should be employed to analyze data in a more straightforward way 
and to avoid making mistakes.82 It does however take more time, but also increases 
the accessibility of data. For instance, when measuring well-being or relating to 
a geographic location, the database must use the correct units, characters, or 
locations. 

Data workers dedicated to this meticulousness could enhance their capabilities and 
efficiency through automatization. There are some AI tools to inspect for anomalies 
and inconsistencies in datasets. Quality control is an extension of data cleaning, but 
it cannot rely on AI alone. CED should keep in mind that a data professional should 
be looking out for null values, blanks and other inconsistencies. 
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Recommendations: Managing Data Through The 
Lifecycle 

1.  BUILD A DATA GOVERNANCE AND DATA ARCHITECTURE 
FRAMEWORK TO HARNESS AI  IN THE LONG-TERM

A data governance and data architecture framework lays the foundation for 
future AI use. CED can develop standardized processes and establish authority 
over certain data responsibilities for the frameworks. It will help the agency 
understand the risks and opportunities of managing data throughout the 
lifecycle for internal and external applications, with the intention of reducing 
costs and complexity, and creating new sources of value.

As a public sector entity, it is recommended that data governance includes 
additional considerations of sustainable business models, the role of civic 
engagement, transparency, accountability, data ownership, data sharing, 
interoperability of datasets, and privacy.83

Data governance should first identify who holds decision-making authority 
for data quality standards to ensure accountability is established, in addition 
to the qualifications of those who would use the data and the circumstances 
around who can access it.84 For example, who is responsible for creating a new 
entity (e.g. well-being indicator from source A, B, and C) in the lifecycle registry, 
what department gets notified when inserting new entities, and which data 
systems require subsequent updates.85 Data owners, often from core business 
teams, usually have the necessary level of authority as they are the person or 
department collecting the data.86

FOR THE FIRST RECOMMENDATION CED SHOULD CONSIDER THE 
FOLLOWING QUESTIONS:

• What key components are needed before AI can be adopted?
• What opportunities and gaps can be identified in the data lifecycle?
• How will these frameworks be used to improve understanding of CED’s role 

in managing data?

2.  DEVELOP A DATA MANAGEMENT PLAN FOR WELL-BEING 
MEASUREMENT. 

A DMP can help CED identify its objectives and gaps in current processes aiming 
to execute the policies and procedures around data from the data governance 
framework for decision-making purposes. CED should assure the use of best 
practices for data management and to seek for optimization, organization, 
documentation, preservation of files and the protection of sensitive data. 
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CED must assess whether its existing organizational capabilities and system 
requirements are sufficient to manage its data, which contributes to establishing 
CED’s AI readiness. The agency should ensure that critical stakeholders 
within the agency understand the data management process and identify if 
organizational intent aligns with this new administrative process.87

CED SHOULD KEEP IN MIND THE FOLLOWING QUESTIONS IN MIND FOR 
THIS RECOMMENDATION:

• What data is currently in place and how is it managed?
• What data does CED want to create and generate? 
• How will CED determine if its data management is optimal?

3.  FORM AN ESSENTIAL DATA MANAGEMENT TEAM. 

An essential data management team assesses the sufficiency and alignment of 
organizational capabilities and system requirements to manage the agency’s 
internal and external data. This step could also provide a diagnosis to identify 
gaps in the agency’s data efficiency and effectiveness. CED could observe how 
some Provincial ministries operate their data teams, although taking into 
consideration CED is a smaller agency. What some companies do if their data 
management team is small, is to merge roles, or work with short-term contracts. 

CED SHOULD CONSIDER THE FOLLOWING QUESTIONS:

• Who needs to be involved to help distinguish CED’s data management 
capabilities? 

• How will these members help CED operate according to its plan?

4.  SELECT A DATABASE MANAGEMENT SYSTEM THAT BEST FITS 
CED’S DATA MANAGEMENT REQUIREMENTS. 

A DBMS will provide and enable the most visible perspective into a dataset as a 
single unit, define data, update data, retrieve or query data, perform database 
administration, modify parameters, and perform analytics on the data. CED 
has access to Cloud Brokering Services for storage with Amazon Web Services, 
Microsoft, Oracle, Salesforce, and IBM. These can be found in the GoC’s Cloud 
Brokering Services Catalogue. This catalogue covers governance, databases 
management, storage, API management, artificial intelligence, among others. We 
recommend that CED work on the data management plan before approaching 
the best service provider and inquire for a  quote. For more information on 
DBMS characteristics and features read Appendix VII. 
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AS SUCH, CED SHOULD CONSIDER THE FOLLOWING QUESTIONS: 

• How does the agency plan to store and compile data it collects and 
generates? 

• What DBMS options exist to fulfill CED’s needs?
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Harnessing AI: Turning Data Into 
Meaningful Insights
Exploring AI Potential 
For definitions and acronyms of terms used in this section, please see Appendix I: 
Glossary.

Following the recommendations of establishing well-being indicators, selecting 
data sources, and managing data through governance, architecture, and plans, 
AI can be used to turn data into meaningful insights that CED can use to create 
targeted policy interventions responding to regional issues. AI uses machines that 
behave and are structured like the human brain, capable of reviewing information, 
weighing options, and making decisions.88 AI tools can reduce mundane activities 
such as the cleaning and structuring of data, while algorithmic modelling can 
measure and generate predictive insights. 

AI tools continue to be adopted in government departments as well as in both 
private and public sectors. Most everyday activities and internet platforms use 
AI tools. Although there are many opportunities when adopting AI tools, the 
challenges such as “socio-economic impacts, issues of transparency, bias, and 
accountability, new uses for data, considerations of security and safety, [and] 
ethical issues”89 will require additional consideration as questions arise and AI is 
used more frequently as a solution.

Although AI models can range in complexity, data scientists use AI tools to problem 
solve, recognize patterns, and learn from past datasets to improve efficiency and 
detection rates in the future. AI can be incorporated into existing CED processes to 
decrease costs and increase efficiency.90 Moving forward, AI can play a large part 
in improving government and SME capabilities and better support staff through 
technical processes. 

By incorporating new capabilities into existing 
internal processes, even when faced with tight 
deadlines, algorithm technologies will support 
the adoption of innovative methods, establishing 
greater value for citizens, executives, and 
stakeholders91 
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CED has the opportunity to increase readiness for adopting AI technology as public 
servants generally agree that there is a need to adapt to new technologies and that 
small and medium enterprises should invest in the digitalization of their activities. 
In order for AI tools to be effective when adopted into existing or new processes 
at CED, strong data management and governance systems must already exist. By 
acknowledging that data management systems and AI tools are equally important, 
CED can overcome the challenges (such as accessing and preparing data) that often 
limit AI tool adoption success rates. 

If the data management plan is weak, then the tools may not operate optimally, 
significantly decreasing accuracy and efficiency levels. Luckily, “strong data 
management is a critical enabler of machine learning projects because it helps 
overcome challenges such as accessing and preparing data, which can be a 
significant barrier to success.”92

AI Models
AI models are divided into three levels of complexity: 1) simple, 2) medium, and 3) 
high. The following AI models are not an exhaustive list, rather they are the most 
commonly used models as determined through stakeholder interviews. 

The first level groups algorithm models that are simple. Data scientists frequently 
begin the testing phase of the conceptual framework (Figure 1) by using simple 
algorithm models prior to trying tools that are more complex in nature. 

BASIC REGRESSIONS & DATA ANALYTICS 

Simple regression algorithms fall under the Machine Learning umbrella, where 
machines are supervised and predict new output values based on the data 
input and information previously included in the training dataset. Examples of 
these simple algorithm models include, but are not limited to, linear regressions, 
regression trees, and multivariate regressions.93

The second level groups AI tools that are slightly more complex in nature together, 
at a medium complexity level. As the complexity grows from basic regressions to 
machine learning, data scientists must begin to pay particular attention to the AI 
models, as the chance of something not working properly increases.94

MACHINE LEARNING (ML)

ML is a subset of AI, and is a model that is already being used to decrease delays 
in performing text analysis of large amounts of documents and create predictions, 
tasks that would take humans weeks due to the tedious nature of the work. Similar 
to other AI models, there are a few challenges when using ML. The biggest barrier is 
not having enough skilled resources, as found in the results of 451 Research’s Voice 
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of the Enterprise: AI & Machine Learning survey, with approximately 40% of people 
surveyed saying it was a very significant barrier, and 21% labelling it as the most 
significant barrier to adopting ML.95

ROBOTIC PROCESSING AUTOMATION (RPA)

RPA is another medium complexity level model that can increase organizational 
efficiency, automating processes, and replicating mundane tasks humans typically 
complete such as completing forms, and reorganizing files. Due to its easy adoption 
methods and implementation process, RPA is “ideal for automating workflows 
that involve legacy systems that lack APIs, virtual desktop infrastructures (VDIs), 
or database access.”96 CED could implement RPA as a quick win while the agency 
works on a POC for adopting a high complexity level model.

The third and final level includes high complexity level AI tools. The reason AI can 
succeed in the most complex circumstances is based on its ability to “succeed at 
very complicated tasks that programmers can’t write instructions for by hand.”97

NATURAL LANGUAGE PROCESSING (NLP)

NLP is a subset of Deep Learning (DL) and is classified as a very complex model that 
takes both “human-produced text as input, and algorithms that produce natural 
looking text as outputs.”98 Although NLP can decrease time spent on reviewing 
large amounts of text, the initial data required for the NLP training dataset must 
be reviewed and sorted manually. Although this delay is kept to a minimum when 
using NLP models, the issue of bias must not be overlooked.

RULE BASED SYSTEMS (RBS)

RBS are composed of large datasets that have an equivalent large number of rules. 
AI systems use particular rules to determine whether or not something can be 
solved by using AI tools. By relying on datasets composed of RBS, the AI tool can 
best determine if something is or is not possible. If there are arbitrary rules, experts 
will need to expand further before the tool can process its decision from the 
dataset. E.g. AI tools that review large existing data outcomes, such as court rulings 
in the health care sector can comb through previous cases and pull out specific 
pieces of information, according to a set of parameters, that the legal counsel 
should review prior to attending a court proceeding.

While each level is composed of different AI tools, the final decision that determines 
which tool is used remains with the expert. Moving forward, CED should review 
the AI tool examples and case studies included in the section to determine which 
tools may provide valuable insight if used to measure and predict the well-being in 
Quebec. 
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SIX PILLARS OF AI

Pillars of AI Adoption
As a government agency or business prepares to adopt AI tools for one purpose or 
another, AI strategies are typically composed of four to six different pillars. Through 
stakeholder consultations and secondary research, the following six components 
were identified as essential when adopting and harnessing AI tools and algorithm 
models.

1. Establish Organizational Readiness for AI
2. Responsible AI Guidelines
3. AI Strategy
4. Harnessing AI Tools
5. Policy Principles
6. AI Culture and Technology Adoption

While most of the pillars will need to be established prior to adopting the AI 
models for optimal use, CED is capable of using AI without extensive governance 
or architecture plans in different capacities and by testing models as they go, 
although, taking on increased risk as mentioned in the data management section. 
While some pillars remain very specific and detail oriented, others will form the 
basis of a complicated compilation of insight. For example, the policy principles 
pillar remains vague as CED will have to determine which existing and new policy 
principles are required. A detailed overview of each of the six pillars is included 
below.

FIGURE 3:  PILLARS OF AI  ADOPTION 
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1.  ESTABLISH ORGANIZATIONAL READINESS FOR AI

Departmental readiness for adopting AI tools requires assistance from experts in 
data analysis and science. One way in which the public sector can move forward 
with AI projects is by establishing contracts with data scientists to help determine 
which algorithm models best measure and predict the well-being of citizens in 
Quebec. While data scientists provide the necessary technical support, all staff and 
executives should feel prepared and understand the potential for AI and algorithm 
models for the department. Staff may want to review online webinars and AI 
reports including:

• An Oversight Toolkit for Boards of Directors;99

• Deloitte’s AI Academy webcasts;100

• Information and Communications Technology Council Report on Adopting 
Technology and the Role of SMEs in Canada;101  and

• Microsoft’s AI Business School for Government modules.102

Driving business value from AI is grounded in 
the notion that an efficient government requires a 
digital transformation, leveraging data analytics 
and artificial intelligence where possible.103 To 
achieve this, CED must ensure the department 
and staff are ready to adopt AI, and that the public 
comprehends the ways in which AI will improve 
regional well-being.

2.  RESPONSIBLE AI  GUIDELINES

To succeed in using AI tools to measure regional well-being, while also balancing 
the public’s perception of technology use, all Canadian AI projects must complete 
the online Algorithmic Impact Assessment (AIA), a risk assessment tool intended to 
support the Treasury Board Secretariat’s (TBS) Directive on Automated Decision-
Making.104 The assessment tool is to be used twice, first when designing the project, 
and second to validate that the system was built correctly, prior to completing 
production of the final system. According to the assessment tool, “departments are 
responsible for releasing the final results of the AIA in an accessible format and in 
both official languages on the Open Government portal.”105 

In addition to completing the AIA, CED should review the Digital Standards 
Playbook106 on how to use digital services to best suit Canadians. For example, the 
online portal titled Responsible Use of AI107 outlines the exact ways government 
departments can use AI responsibly in moving forward.



53MAX BELL SCHOOL OF PUBLIC POLICY | JULY 2021

3.  AI  STRATEGY

Once CED establishes organizational readiness and responsible AI guidelines, it 
is essential that CED develops an AI strategy that provides a high-level overview 
on how the agency intends to use AI. This strategy should align with the data 
management plan and overarching data governance frameworks. This strategy 
should also include both AI project ideation and a Proof of Concept (POC). 

AI PROJECT IDEATION 

By brainstorming AI project ideas and concepts, CED can begin to determine the 
direction in which the agency would like to go when adopting the new technology. 
AI project ideation is the groundwork needed prior to developing a POC. 

PROOF OF CONCEPT (POC)

Once the overarching AI strategy is established, CED should create a POC, which is 
a “closed but working solution which can be evaluated and tested subject to clear 
criteria, from understanding requirements to delivering success.”108 In an interview 
with the Government of Alberta’s Data Analytics and AI Director, the Policy Lab 
team learned that, “before beginning any project that uses an AI model, an AI POC 
should be created first.”109 A POC could help with obtaining CED manager and 
director buy-in by creating an environment where the proposed AI model can be 
evaluated, tested, and better understood. A POC can also be used to test uncertain 
elements before investing resources into implementation of a model that may fail. 
As such, creating a detailed AI POC should be established prior to harnessing any of 
the AI tools listed below. Prior to investing time and money into solving problems, 
the POC would ensure CED successfully deploys and harnesses AI models moving 
forward. 

4.  HARNESSING AI  TOOLS. 

To harness AI tools within CED, the department must first understand the complex 
nature of many algorithmic models. A data scientist can test various models, either 
supervised or unsupervised ML and AI, to determine which learning model works 
best.

SUPERVISED LEARNING ALGORITHM

Supervised AI models provide both input and output factors, and use labelled data. 
This is partially because the algorithm learns from a training dataset, established by 
the user. As a result, the computer will take the new data and review it against the 
training set to best evaluate and provide an answer.
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UNSUPERVISED LEARNING ALGORITHM

Data used for unsupervised algorithms is not labeled and is far more complex than 
supervised learning algorithms. However, these learning algorithms can process 
large datasets. Unsupervised ML and AI algorithms are frequently used as it 
removes the tedious manual process typically requiring human assistance.

TOOL COMPLEXITY

Since AI tools range in complexity. data scientists begin analyzing the data prior to 
creating the algorithm models. By “letting the data talk for itself”, data scientists will 
have a better idea of what algorithm model should be tested first. Most often, the 
simplest algorithm models are tested first as “the more complex the algorithm, the 
more chances something can go wrong.”110

The fourth section of the conceptual framework (Figure 1) is the algorithm models 
testing phase. AI tools cannot be selected depending on the tools’ capabilities but 
can be selected through the testing phase. Data scientists “use training data and 
[while] managing parameters to conduct iterative test runs.”111 According to the 
data scientists interviewed for this project, the output information can then be 
displayed in a dashboard or platform including but not limited to Power BI. 

MEASUREMENT MODELS

CED may use AI models such as the RPA to analyze text and provide deep insights 
based on data collected. Earlier last year, the CSPS organized a webinar that 
highlighted the ways in which departments have adopted and applied RPA to 
existing processes. While most measurement models perform with supervision, 
some models can complete tasks unsupervised. This will be especially useful to CED 
because it means that algorithm models can complete tedious tasks and staff can 
focus their attention on other projects.

APPLYING AI TOOLS TO PROCESSES

AI adoption on existing processes remains possible for all enterprises, no matter 
the size, although budgetary constraints may limit the sophistication of AI tools 
used in small organizations. However, an organization can start with simple 
algorithm models such as basic regressions or data analytic ML. The data CED 
has previously collected can become the training dataset for ML algorithms 
for example. As previously outlined in the AI Models section above, NLP is one 
algorithm that CED could use to comb through large amounts of documents, 
providing the agency with specific information rather than having a human take 
weeks to do the same work. However, one limitation of using NLP is that the 
primary step of sorting the training dataset still requires a considerable amount of 
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manual labour by staff. Presently, CED uses descriptive data analytics. However, 
if the department hopes to apply AI tools to new processes, it must look beyond 
traditional, simple algorithm models by increasing the number of data sources and 
including new innovative datasets. 

5.  POLICY PRINCIPLES 

Although Canada does not have a national government AI strategy for federal, 
provincial or municipal levels, Canada does have a federal AI policy. In addition to 
using AI tools in accordance with the federal policy, responsible AI policy principles 
including transparency, accountability, privacy and security, reliability, fairness, 
and inclusiveness are all important to ensure AI tools and information acquired, 
used, analyzed and retained is in accordance with federal legislation and remains 
compliant with CED’s mandate. 

The ways in which AI systems come to a final decision is unknown to many. It 
becomes hard to challenge something with no human contact method or way of 
reviewing its analysis.112 That is why transparency is imperative to build trust in 
these systems and in policy decisions. Transparency can mean different forms of 
disclosure of data, decision making processes or other forms of communication. 
While some see transparency as a means of limiting harm, others see it as a route 
to engendering societal trust.113  

For example, AI transparency can be realized through developing and using open-
source information portals, such as an Algorithm Registry. Amsterdam, Helsinki, 
Barcelona, and Brussels have all made their “city’s algorithmic systems publicly 
available to individuals interested in examining the detailed information system.”114  
An Algorithm Registry is a repository of algorithms developed by peers within 
the AI community, available through GitHub (one of the suggested innovative 
data sources). Policy principles must still be adhered to when using open-source 
information.115 

In addition to establishing transparency when using AI tools, data protection 
and privacy measures are fundamental to mitigating risk against data breaches 
of personal information previously collected and used. CED should adhere to 
regulations and policy, such as FIPPA and MFIPPA, that provide the right to access 
of information and protect personal privacy of individual information held by 
governments. When using private sector sources of data, PIPEDA legislation 
governs the personal protection of electronic commerce data.116 Ultimately, 
protecting Canadians’ privacy, other than immediate security programs and 
regulations, must be based on a “strong foundation of trust and transparency 
between citizens, companies and government.”117 
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6.  AI  CULTURE AND TECHNOLOGY ADOPTION

AI CULTURE

Culture around the use of AI must shift from ‘it will replace me and take over the 
job market’ to ‘acknowledging the power that comes with adopting the AI models.’ 
As explained in the CSPS’s Future of AI in Government webinar, “technology does 
not  add a lot of value unless there are people using it.”118 To foster acceptance of 
AI culture, developers in both the public and private sector must “make[e] sure 
that whatever solutions [are] develop[ed] actually solve problems for people … 
[and] embrace the use of technology, versus treating it as an adversary.”119 Once AI 
culture work is underway, the agency should continue to review publicly available 
information from open-source websites, and continue to build AI culture through 
partnerships and collaborations with stakeholders and other government agencies. 

AI TECHNOLOGY ADOPTION: MEASURING WELL-BEING

When using AI to measure well-being, a useful starting place is exploring the health 
indicator as health data is readily available, updated frequently, and has several 
existing applications for effective use with AI. Health is currently measured using 
a combination of traditional and innovative approaches with available data from 
the internet and from collaborators in the field. Health has shown to be strongly 
correlated to different proxies that could help as new sources of information. The 
pandemic has also increased the investment and volume of innovative ways of 
monitoring health data, creating a greater opportunity for use of these data. 

Current AI applications in the health sector are used to increase the response 
time for diagnosing patients. Most of this AI use is at the individual-level and is 
usually related to unique tools that are found in hospitals (like X-Rays).120 However, 
there are several AI uses that can be useful from a well-being approach such as 
measuring and predicting indicators like mental health perceptions available in the 
Case Studies section below.
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Recommendations: AI Tool Adoption And Next Steps 

1.  DEVELOP AN AI  STRATEGY

An AI strategy, the third pillar of AI adoption, is essential to increasing internal 
trust and readiness of using AI tools within an organization. The other five 
pillars remain important, however developing an AI strategy is most useful for 
harnessing any of the AI tools because it can map out how the organization 
intends to use the tools, and the best ways they can be used. By establishing 
a strong AI strategy from the start, CED will be able to evaluate which models 
work best at solving which problems. AI models can be reviewed and tested in 
the working stage prior to being deployed and used meaningfully on a project-
by-project basis. This AI strategy can be harmonized with the data management 
plan to ensure it reflects appropriate data considerations.

Within the strategy, CED should ensure AI Project Ideation as well as a Proof 
of Concept (POC) are established in every instance. Ideation and a POC will 
help CED determine which AI tool should be used to address the problem, 
and whether AI is required at all.  Simpler problems may only require a basic 
statistical regression performed by a CED staffer, but using more complex 
models requires the assistance of an expert which requires more resources 
from the organization. 

Before expending resources on implementing AI tools, a POC proves helpful 
acting as a feasibility check for the project. CED would be able to review any 
requirements needed to harness AI models, the pros and cons of harnessing AI 
tools, and gain valuable insight into how other government departments and 
SMEs have prepared and deployed a POC for AI adoption projects. 

MOVING FORWARD, CED SHOULD CONSIDER THE FOLLOWING 
QUESTIONS:

• What should CED establish first to turn data into meaningful insights?
• How can AI Ideation and a POC be used to test uncertain elements?
• How can an AI strategy complement the development of a data management 

plan?

2.  TEST THE AI  MODELS TO DETERMINE THE BEST TOOL.

An expert in data analysis or data science is needed to test AI models and 
determine their best use. This would require CED to hire a new permanent staff 
member or a contractor working part-time. With the knowledge generated from 
the POC development and testing stages, CED should work with a data scientist 
to determine which AI models work best to answer the set questions and feed 
into desired outcomes. The questions CED is seeking to answer through the 
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use of AI may need to be modified as models are tested and data is collected or 
reformatted as required.

CED SHOULD ALSO CONSIDER THE FOLLOWING QUESTIONS:

• Which AI models align with the capacity of the organization?
• Which AI models will work best with the datasets to provide the desired 

outcomes? 

3.  REVIEW RESPONSIBLE AI  GUIDELINES AND POLICIES TO ENSURE 
CORRECT USE OF AI  AND DECREASE RISK.

Once a POC is established, but prior to commencing any AI model testing, CED 
should complete an online AIA risk assessment, the first during the planning 
phase and a second time once the AI model is selected. This risk assessment 
tool comes from TBS’s Automated Decision-Making directive and helps to ensure 
all Canadian AI projects are built in accordance with relevant AI regulations. 

Once the expert has completed the testing phase of determining which AI 
models best answers the question, CED must ensure responsible AI guidelines 
are adhered to. The use of AI models must be governed to ensure correct use 
and decrease risk. Although there is no national government AI strategy to assist 
government agencies like CED to navigate the use of AI, Canada has a federal AI 
policy. To remain transparent and accountable to GoC standards, CED should 
also establish a review process. All existing internal documents as well as agency 
responsibilities outlined in the Minister’s mandate letter will also require a 
complete review.

ONGOING QUESTIONS CED SHOULD CONSIDER MOVING FORWARD ARE:

• What policies and principles need to be adhered to when using the AI model?
• How will policies and principles be adhered to when using the AI model? 

4.  VISUALIZE THE OUTPUT IN A DASHBOARD TO DISPLAY EACH 
SELECTED AI  TOOL

Although there are other dashboards to choose from (such as Tableau and 
ELK), CED should continue to use Power BI. Not only will CED be able to 
leverage existing staff skills and knowledge when creating a dashboard, but the 
department will further increase its AI adoption culture and levels of trust in the 
technology. 

By using a dashboard, CED will be able to display the output (equivalent to the 
final solution) from each selected AI tool. CED should consider automating the 
data feeds if the dashboard is acting as a real-time decision-making tool. This 
means that if managers are basing their decisions on the data insights, agencies 
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and businesses should ensure insights are based on the most up-to-date data 
available. 

Similar to the dashboard recommendation first proposed to visualize indicator 
data in the well-being section, dashboards provide viewers with a high-level 
detailed view complete with visualizations and real-time analytics. As more 
data is inputted and processed by AI tools, the output solutions will evolve. This 
dashboard has the capability to update as the output updates. 

CED SHOULD CONSIDER THE FOLLOWING QUESTIONS:

• What information needs to be visualized and for what purpose? 
• How can information be best displayed for decision-makers?
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Case Studies: Measuring Well-
Being With Artificial Intelligence 
AI detection and prediction case studies provide insight on how AI has already been 
used and harnessed for the better of society. While the following three case studies 
outline the ways in which AI tools may prove useful, not all problems require AI to 
generate meaningful insights. While prediction does require complex AI tools and 
large datasets, CED could still develop the POC to outline the potential as well as 
benefits of using AI. 

1)  MEASURING SUICIDE RATES AND MENTAL HEALTH WITH AI

Suicide is a worldwide concern and is becoming a burden of disease higher than car 
crash accidents, especially among Indigenous peoples, immigrants and refugees, 
and in the LGBTQ2S+ community.121 AI and ML applications hold unique promise to 
enable detection and the prevention of suicide.122 By using ML models, suicide risk 
could be measured using well-being indicators within society, particularly due to 
its ability to handle large and complex datasets. Through word detection and text 
analysis, ML models as well as NLP models can monitor social media for real-time 
suicide risk. This assessment capability could provide early detection of suicide risk, 
triage, and treatment development. Aggregated data about health perception like 
this is a useful example for complementing the measurement and prediction of the 
indicator from a different perspective.

A variety of psychosocial, biological, environmental, economic and cultural factors 
have a level of influence on suicide. AI can be used to explore the association 
between these factors and suicide outcomes in the Quebec context, building off the 
following examples:

1. Public Health Agency of Canada (PHAC) and Advance Symbolics – Aims to 
research and predict regional suicide rates by examining patterns in Canada 
through social media posts.

2. Facebook alerts emergency response – Facebook is able to expand AI 
capabilities to detect suicide-related content automatically, and alert local 
emergency responders. It also uses more language options and has an 
extension to Instagram. However, challenges exist with recognizing the 
nature of posts stating “I am going to kill myself” in a sarcastic manner.

3. Vanderblit University (U.S.) – Developed an AI model predicting risk of 
suicide, using electronic health records. It has a 84% to 92%  accuracy within 
one week of a suicide event and 80% to 86% accuracy within two years.
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4. Radar (U.K) – A free web app developed by non-profit Samaritans uses 
keyword machine searches. It monitors friends Tweets alerting people if it 
spots anyone who may be struggling to cope. 

AI can also be adopted to help detect mental health disorders. Some online support 
communities have used AI to detect  depressive disorder, anxiety, autism, and post-
traumatic stress disorder.123 This is usually detected through language patterns, 
but a lot of this requires further research for reliability.124 As such, caution should 
be taken with deep learning methods. AI programs detecting mental health issues 
should have psychologists reviewing datasets at a user level to improve training 
models; be aware of the use of community features (location, network); and 
consider the limitations of using electronic medical records to analyze health data 
for administrative and clinical purposes.125 Some examples of AI technology used to 
detect mental health problems are:

1. Iphone Siri, Google Assistant, Echo/Alexa (Amazon) – Uses chatbots to 
recognize and respond to user mental health concerns with appropriate 
information and supportive resources. 

2. Woebot – Similar to the previous example, but adaptable for Facebook 
Messenger or via anonymous mobile apps for iOS or Android and provides 
light therapeutic services, however may not be reliable as it remains in 
preliminary stages of development.

GOVERNANCE CONSIDERATIONS

An important consideration is that data becomes more reliable when the funding 
and staff are well allocated. As mentioned before, working with health data is 
sensitive, and therefore requires a solid data governance framework regarding 
access and security, especially encryption and transparency of an individual’s use 
of information. Privacy is the first consideration related to the use of AI and data 
management of sensitive data. The second issue is accuracy, since suicide and 
mental health disorder expressions still present a challenge. NLP still has problems 
with distinguishing expressions like “I am going to kill myself” from a genuine or a 
sarcastic expression.  We consider that this is an opportunity for future sources of 
data, but more research on the matter is required. 

WELL-BEING INDICATOR CONSIDERATIONS

Another consideration is how to observe well-being indicators’ inter-connectedness, 
since the direction of causality may vary. In one direction, we can consider how the 
effects of economic changes affect health indicators. For example, rapid and large 
rises in unemployment have strong short-term correlation with rises of suicides 
at younger ages. An increase of 1% unemployment can lead to a 0.79% rise of 
suicides, while a 3% rise of unemployment can lead to 4.45% rise of suicides.126 
In contrast, we can also observe how health factors create an economic impact. 
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For example, childhood nutrition creates a rise in cognitive function and ability to 
work hard. This also contributes to an increase in the life expectancy indicator, 
and has a long-term effect that leads to higher education levels, higher inputs of 
labor, and therefore leading to a higher income.127 Further studies suggest that 
a one year increase in life expectancy has a long-term effect of a 4% rise in GDP 
and accumulation of capital. However, there are some limitations due to issues of 
bias.128

HEALTH DATA CONSIDERATIONS

ML cannot tackle problems outside of the realm of instances that it has learned 
from. Therefore, this is why researchers believe more health data will bring about 
new instances in which ML models can learn quickly before further supporting the 
health care capacity. This study also confirms that by eliminating health gaps there 
are potentials to help the poorest areas of some regions.129 A limitation is that some 
health indicators can be easily identified in wealthy regions, but less likely in poor 
areas. To help those areas with slow economic growth, data needs to be visible. 
Additionally, the methodology of several studies show that they can only examine 
an approximate effect of health, because there are unseen factors when trying to 
predict GDP growth (for example when people are working harder, longer, or more 
intelligently to make GDP rise). 

2) PREDICTING LIFE EXPECTANCY WITH AI

While there is limited information on this area of interest, an interesting case 
is the use of the Artificial Neural Network (ANN) to consider social, economic 
and environmental factors that have an effect on life expectancy. For this study 
researchers used basic descriptive variables like birth rate, mortality rate, mortality 
rate under five years, health expenditures, number of people over 65, urban 
population, and rural population from OECD and World Bank datasets.130 The study 
successfully helped predict health investments according to geographical locations 
and specific age groups. Life expectancy prediction is context-oriented and could 
present an opportunity to work with regional research institutes. However, 
researchers should do further analysis into Quebec regions to reduce bias for more 
granular levels of data. 

3) PREDICTING AIR QUALITY WITH AI

Our research found three interesting cases for measuring and predicting 
concentrations of fine particles in the air we breathe through the use of AI. 
Air quality is an indicator used to measure population-weighted average 
concentrations of fine particles (PM10, PM2.5) in the Environment dimension. 

The most common uses of AI for predicting fine particle concentrations are ML 
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methods. Some ML methods are ANN, Boosted Regression Trees, and Support 
Vector Machines. One study combined this with traffic, meteorological, and 
pollutant data.131 The study discusses that these three methods helped produce 
very accurate models to predict unseen data. A second model was built with a 
similar methodology combining Mixture Discriminant Analysis (MDA), Bagged 
Classification, Regression Trees (Bagged CART), and Random Forest (RF) to predict 
spatial hazards of PM10.132 This last study argues the results worked best with 
the Bagged CART model and the RF models. However, both papers are producing 
new methodologies that require it to be context-tested with similar conditions and 
instruments for monitoring fine particles. 

The most marketed project is designed by SIEMENS through a software called City 
Air Quality Management (CyAM). The objective of this technology is to capture 
pollution data in real time and forecast emissions three to five days in advance.133 
It is a cloud-based software suite that uses sensors across a city. The forecasts are 
prepared with algorithms that tap into an ANN and draw on historical and current 
data of air quality and combine them with weather and traffic patterns.



SECTION 6

Conclusion
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Conclusion 
The potential use of AI to measure regional well-being presents long-term solutions 
to some of CED’s existing data challenges in hopes of creating more adaptive, 
responsive, and inclusive policy interventions. In line with the original research 
question: “how can artificial intelligence be harnessed in federal regional economic 
development policymaking to better assess and anticipate the well-being of 
Quebec’s diverse communities,” this report sought to provide CED with a guiding 
framework to best prepare the organization to harness the use of AI in the future.

This framework includes many components, but they all share some common 
threads that should make it viewed as a whole process. The first component of the 
conceptual framework is critical in that CED should establish well-being goals to 
inform which indicators are selected to measure a regions’ well-being. How to select 
indicators and data sources and whether AI is needed depends on what questions 
you have and what problems CED wishes to solve. 

Second, the department should determine which data sources, whether traditional 
or innovative, will best provide insight to answer questions as they relate to 
communities across Quebec. Also, CED should consider how to bridge knowledge 
gaps using various sources of data, so that local policies and programs can be 
administered with greater precision. Third, CED should establish strong data 
governance structures and a data management plan to support the harnessing of 
sustainable long-term AI tool adoption. Strong data management and governance 
systems will best position CED to become a leader in future policy making within 
this domain. 

Finally, CED will need to incorporate data science experts to determine which AI 
tools will be used for which question CED is looking to gain insight on, depending 
on the region and data available. By hiring a data expert, as either a permanent 
staff or as a temporary contractor, CED will be able to turn data into meaningful 
insights. By incorporating new capabilities into existing internal processes, even 
when faced with tight deadlines, algorithm technologies can support the adoption 
of innovative methods, establishing greater value for citizens, executives, and 
stakeholders.134

While the entire conceptual framework includes many elements needed for the 
long-term adoption of AI, CED can start with small steps that can build toward 
more comprehensive tool adoption. Selecting indicators is the necessary first step 
that will influence all other data decisions. Then, identifying the organizational 
capabilities available by creating a data management plan will help ensure data-
informed decisions use consistent and efficient processes, building capacity 
for more complex algorithmic tools. Lastly, an internal essential data team, 
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including a data scientist, will help implement the data management plan and 
select appropriate algorithmic tools to generate meaningful insights in line with 
the organization’s desired outcomes. These initial steps, along with the broader 
implementation of the conceptual framework will equip CED for the future use of AI 
to measure regional well-being in the long-term. 
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Appendices
I: Glossary

Term Acronym 
(if applica-
ble)

Definition

Artificial 
Intelligence AI

“The ability of a computer system to 
perform tasks that normally require human 
intelligence.”135

Algorithmic 
Impact 
Assessment

AIA

“AIA is a mandatory risk assessment tool 
intended to support the Treasury Board’s 
Directive on Automated Decision-Making (“the 
Directive”).”136

The questionnaire is a combination of risk 
and mitigation questions that helps AI project 
managers determine the impact level.

Artificial Neural 
Network ANN

A computational model inspired by the human 
brain. The model is made of processing 
elements and connections between them with 
coefficient weights bound to the connections. 

“The connections constitute the neuronal 
structure and attached to this structure are 
training and recall algorithms. Neural networks 
are called the connectionist models because of 
the connections found between the neurons.” 
137

Application 
Programming 
Interfaces

API

This is a process of data and functionality 
exchange. It helps companies and 
organizations open their applications’ data and 
functionality to external third-party developers. 
The objective is to enable services and products 
to communicate with each other and leverage 
each other’s data and functionality though a 
documented interface.138 
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Term Acronym 
(if applica-
ble)

Definition

Classification 
and Regression 
Trees

CART

A concept of decision-making through decision 
trees. These are all possible dichotomies used 
to predict a result based on previous data.139

 
CART is a tool of standardized sets and subsets  
of “repeated splits”. An oversimplification is 
that it takes the shape of a tree. It begins with 
a problem in A, with two probable results B1 
and B2, which later also split into two more 
results C1 and C2 for B1, and C3 and C4 for B2, 
continuously. 

ML algorithms can use CART for making 
decisions.

Call Detail 
Records CDR

Metadata and information about calls made 
over a phone service. Phone companies use it 
to know who, how, when and where calls were 
made for reporting and billing services.140 

Database 
Management 
System

DBMS

The software interface between users and 
a database. It provides a visible view into a 
dataset as a unit, and works to define data, 
update data, retrieve or query data, perform 
database administration, modify parameters, 
and perform analytics on the data within the 
database.

Data 
Management 
Plan

DMP

Documents the policies and procedures 
around data to compile and use the data for 
decision-making purposes. It operationalizes 
the management, description, analysis and 
storage of data, and outlines the standards 
used and how data is handled and protected 
throughout a project.
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Term Acronym 
(if applica-
ble)

Definition

Mixture 
Discriminant 
Analysis

MDA

A supervised method for classification based 
on a mixture of models. This classifier helps 
identify the subclasses and boundaries of 
linear discriminant analysis and quadratic 
discriminant analysis.141  

Machine 
Learning ML

Algorithmic machine learning models “augment 
employee performance, automate increasingly 
complex workloads, and develop ‘cognitive 
agents’ that simulate both human thinking and 
engagement.”142

Natural 
Language 
Processing

NLP
An extension of Artificial intelligence that aims 
to give computers the ability to understand text 
and spoken words like human beings.143 

Optical 
Character 
Recognition 

OCR
Technology that helps extract printed or 
handwritten text from images, such as 
photos.144 

Proof of Concept POC

“A ‘closed’ but working solution which can be 
evaluated and tested subject to clear criteria, 
from understanding requirements to delivering 
success.”145

Random Forest RF

“A combination of tree predictors such that 
each tree depends on the values of a random 
vector sampled independently and with the 
same distribution for all trees in the forest.”146

Robotic 
Processing 
Automation

RPA

RPA can increase organizational efficiency, 
automating processes, and replicating 
mundane tasks humans typically complete such 
as completing forms, and reorganizing files. 
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Term Acronym 
(if applica-
ble)

Definition

Remote Sensing RS

A method for detecting and monitoring the 
physical characteristics of an area by measuring 
its reflected and emitted radiation at a distance. 
Examples of RS are images of the earth taken 
by satellites and airplanes, and sonar images of 
the bottom of the ocean.147 

Regression N/A
Regression is part of the simple complexity level 
models. It is “a data mining function to predict a 
number.”148

Rule Based 
System RBS

These systems are composed of large datasets 
that have an equivalent large number of rules. 
RBS 
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II: Methodology
The Policy Lab team employed a multidisciplinary research approach by reviewing 
literature from public, academic, and private resources and conducting interviews 
with diverse stakeholders including academic groups, government, think tanks, 
associations, non-profit organizations and the private sector. 

The team reviewed qualitative research from 107 literature documents and 
interviewed 39 stakeholders. The primary research was conducted through 
standardized, open-ended interviews. The secondary information and data was 
accessed through McGill Library and Google Scholar databases. The literature 
review gathered data and information from academic journals, books, textbooks, 
newspapers, op-eds, official reports, and official websites. 

THIS PROJECT HAD FOUR PHASES OF WORK ALIGNED WITH THE 
TIMELINE BELOW: 

• Definition: Establish alignment on project objectives, scope, and deliverables 
• Discovery: Conduct research to better understand the problem and explore 

solutions 
• Development: Gather insights and draft conceptual framework  
• Reporting: Draft final report and presentation 

First, the Policy Lab team began by framing the understanding of the challenge 
by developing research questions, conducting an interview with CED, reviewing 
literature, and interviewing preliminary stakeholders to gain more context. Then, 
the Policy Lab team synthesized the initial findings to identify gaps in the research, 
in which the team developed a second round of research questions and conducted 
additional secondary research and stakeholder interviews. The insights included 
considerations for identifying well-being indicators and data sources, relevant 
AI capabilities, and pertinent implementation considerations, and fed into the 
development of the conceptual framework. The Policy Lab team had regular 
monthly meetings with CED to present findings and gather feedback which was 
incorporated into the next round of development. A draft Policy Lab brief was 
provided to CED for comments, which were incorporated into the final draft. 
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MILESTONES AND TIMELINE 

Date Deliverable  

January 2021 Review and approval of scope of work document  
Interview with CED 

February 2021 Research check-in to review progress, clarify questions, and 
communicate path forward  

March 2021 Review of draft summary of insights document 

April 2021 Review and approval of final brief structure and conceptual 
framework 

May 2021 Review and approval of draft policy brief 

June 2021 Draft presentation shared for feedback  

June/July 2021 Final policy brief and presentation submitted 
Presentation given at the final meeting with CED 

PRIMARY RESEARCH: CONDUCTING STAKEHOLDER INTERVIEWS

Stakeholder Name Organization

Alan Veerman Vector Institute for AI

Alexandra Masson Videns

Allison Cohen MILA

Alvar Herrera Polytechnique Montréal

Ana Brandusescu 2019-2021 McConnell Professor of Practice, Centre 
for Interdisciplinary Research on Montreal (McGill)

Ana Rollan World Economic Forum

Anamjit Sivia Deloitte AI Institute

Benoit Deshaies
Treasury Board of Canada Secretariat (TBS) - Data 
and Artificial Intelligence, Enterprise Strategic 
Plan-ning

Berry de Bruijn & 
Gen-eviéve Tanguay National Research Council Canada



73MAX BELL SCHOOL OF PUBLIC POLICY | JULY 2021

Stakeholder Name Organization

Bogdana Rakova Happiness Alliance, Accenture, (former) 
Partnership on AI

Boris Bogatirev Partner | Ottawa Market Leader for Deloitte’s 
Artificial Intelligence Practice - Omnia AI

Bryan Smale Canadian Index of Well-being, University of Waterloo

Camille Besse Institut Intelligence et Données (IID), Université Laval

Chris Beall Centre for International Governance Innovation

Coraline Doan, 
Justin Schonfeld, &
Oliver Baclic

Public Health Agency of Canada (PHAC), Canada 
Com-municable Disease Report Research

Dan Gorman World Economic Forum (WEF)

Danny Van Roijen COCIR - Advancing Healthcare

David Rolnick Canada CIFAR AI Chair 

Donald Drummond Professor at Max Bell School of Public Policy, McGill

Elissa Strome Director of CIFAR - Pan Canadian Artificial 
Intelligence Strategy

Émile Émond Québec International

Emmanuela Gaikodu Institute of Health Metrics and Evaluation (IHME)

François Laviolette CIFAR AI Chair

Jake Hirsch-Allen LinkedIn

Jesslyn Dymond Telus

Justine Dima Women in AI (WaiTALK) & Université Laval

Lyse Langlois Obvia (Observatoire de l’IA)

Mark Uhrbach Statistics Canada

Nick Schneider German Federal Ministry of Health

Nuzio Ruffolo IndigenousTech.ai Chief Technology Officer

Portia Taylor Health Canada

Pinaki Laskar FishEyeBox Innovation Lab (AI of Things)

Iona Buchanan Field Effect
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Stakeholder Name Organization

Shashank Sethia A Consulting Corporation

Stephen Cory Robinson Nordic Privacy Centre & Linköping University

Stijn Broecke OECD (Organisation for Economic Co-operation 
and Development)

Thomas Hatch Government of Alberta - AI Division

Vass Bednar Executive Director, Master of Public Policy (MPP) 
in Digital Society at McMaster University

Véronique Tremblay WaiTALK, Videns & Université Laval

Yannick Beaudoin David Suzuki Foundation
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III: Well-being Indexes
The following table provides an overview of the key characteristics of the well-being 
indexes reviewed as part of the research for this project. 

OECD Better 
Life Index

Doughnut  
Economics149

Canadian Index of 
Well-being

Quality of Life 
Strategy

Assesses qual-
ity of life in 11 
areas across 
countries 
representing 
material living 
conditions 
and quality of 
life.

Data is pre-
sented per 
indicator 
but can be 
combined 
with flexible 
weighting to 
create a com-
posite under-
standing and 
accounts for 
gender differ-
ences. 

A compass for 
human prosperity 
enabling meet-
ing the needs of 
humans today 
while respecting 
the means of the 
living planet.

Outlines plane-
tary boundaries 
and a social foun-
dation necessary 
for sustainable 
development.

Greater focus 
on environment 
indicators.

Used by several 
countries and 
cities to redesign 
economic models 
and track local-
ized socio-eco-
nomic perfor-
mance including 
Amsterdam, UK, 
Scotland and 
Wales. 

Index that identifies the 
interconnectedness in 
well-being and tracks 
and reports quality of 
life regularly at federal, 
provincial, and local lev-
els to complement GDP 
for decision-making.150

Identified dimensions 
from diverse focus 
groups of Canadians 
asking the question 
“what matters to you?”.
   
Community vitality, 
leisure and culture and 
time use come out on 
top. This can be at-
tributed more broadly 
to Canada being an 
affluent country as 
once most basic needs 
are met people turn to 
these other domains.

Uses community-based 
wellbeing surveys as a 
measure of real time 
data.151

Strategy established 
in budget 2021 
focusing on quality 
of life, equality, and 
sustainability. 

Consultation used 
to develop the 
framework including 
a survey of 2001 
individuals, 3 focus 
groups, 80 experts 
and government 
colleagues.

Includes 5 dimen-
sions, 19 headline 
indicators, and 83 
total indicators.
 
There are data gaps 
to implementing the 
entire framework 
Framework can be 
used for monitor-
ing and reporting, 
priority setting, and 
assessment of policy 
proposals.
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IV: Well-being Basics
Objective well-being: Objective well-being measures are often represented as 8-12 
dimensions (themes) that have a corresponding subset of indicators and measures 
based on objective or quantitative values derived from socio-economic data, spatial 
data or during statistical surveys. Objective data can more easily be obtained 
and covers a wider range of the population and area. They can more easily be 
quantified, defined, and reliably compared with each other. There is a significant 
relationship between objective and subjective measures, as objective measures 
explain the state of the environment and society which influences an individual’s 
potential for a good life.152

Subjective well-being: Subjective measures rely on individual self-responses 
assessing a person’s feelings pertaining to aspects of their life and their 
expectations of what constitutes living standards. For example, the dimension of 
“healthy populations” could have objective indicators such as life expectancy  and 
nutrition that are observable and a subjective indicator like life satisfaction that is 
self-rated. These data are often collected by questionnaires with a sliding scale of 
levels of agreement for each question.153 

Well-being dashboards: Dashboards can be used to visualize progress over time 
made against chosen well-being indicators. Dashboards available to the public are 
often located on government websites, used for accountability and transparency 
purposes. CED can choose to publish their progress on well-being indicators so 
people living in Quebec have a better understanding of regional conditions and 
researchers can use the data in other contexts to add to well-being information 
on a local-scale. Alternatively, the dashboard can be used for internal purposes to 
inform policy development in early stages and data analysts can better monitor 
progress within the agency. Ultimately, publishing this data publicly in a dashboard 
format would contribute towards the GoC’s open government goals and should be 
pursued in the long-term. Some examples of public dashboards are included below, 
noting differences in style and functionality on government websites. 
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The GoC’s Gender Results Framework visualizes key indicators in a dashboard 
format embedded in Annex 4 of the Quality of Life strategy. Data tables for each 
indicator are available on the Statistics Canada webpage.154  
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The United Kingdom has a national well-being dashboard that tracks changes in 43 
indicators. As these tracks are updated, improvements are made to the dashboard. 
The UK’s dashboard offers clickable functionality along well-being dimensions 
and tracks whether there has been a positive, negative, or no change among 
indicators.155
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V: Well-being Indicator Glossary 
The indexes reviewed for this project include OECD Better Life Index, Doughnut 
Economics, and the Canadian Index of Well-being which all include a host of 
socioeconomic and environmental indicators used to assess the well-being of 
places, ranging from a national to local scale. The table below provides an overview 
of the synthesized dimensions, various indicators, and corresponding measures 
used in the indexes reviewed. CED can use this table to inform their indicator 
selection process and choose appropriate measures, without having to further 
explore what indicators exist. The GoC’s quality of life index also has a suite of 
indicators which, for the most part, align with the indicators included in the below 
table. 

Dimension Indicators Measure

Living  
Standards

Household 
Income

Household net adjusted disposable income, 
USD at 2017 PPP*, per capita 

After tax median income of  families  

% of persons in low income 

Households below 60% average income – af-
ter housing costs 

Percentage of the population living on more 
than $1.90 a day

Household 
Wealth 

Median net wealth, USD at 2016 PPP 

S80/S20 In-
come Share 
Ratio

The household income for the 80% divided by 
the household income for the bottom 20% 

Inequality Gini coefficient 

1 minus the Gini coefficient of household 
disposable income (i.e. after taxes and trans-
fers), multiplied by 100
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Dimension Indicators Measure

Living Stan-
dards (contin-
ued)

Housing Share of disposable income remaining after 
housing costs 

% of population spending more than 30% of 
income on housing

Shelter consumption affordability 

Number of rooms per person

Overcrowding 
Rate

Share of households living in overcrowded 
conditions 

Food Insecu-
rity

% of households that are moderately or se-
verely food insecure 

Access to En-
ergy

Percentage of the population with access to 
electricity

Fuel Poverty

Connectivity Access to internet

Mobility

Work and Job 
Quality

Employment 
Rate

Employed people aged 25-64, as a share of 
the population of the same age 

% of labour force employed 

% labour force with long-term unemployment 

CIBC index of unemployment quality 
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Dimension Indicators Measure

Work and Job 
Quality (contin-
ued)

Gender Gap Difference between male and female median 
wages expressed as a share of male wages 

Gender gap in hours worked 

Long Work 
Hours

Share of employees usually working 50+ 
hours per week 

% of labour force with regular weekday work 
hours

Working Cond-
intions

% of individuals working for pay with flexible 
work hours 

Mean workday commute time for individuals 
working for pay 

% of 15 to 64 year olds reporting high levels 
of time pressure 

% of labour force working under 30 hours per 
week, not by choice 
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Dimension Indicators Measure

Healthy and 
Happy Popula-
tions

Life Expectan-
cy

Number of years a newborn can expect to live 

Gap in life expectancy by education (men)

Number of years that an individual is expect-
ed to live in good health (without major debili-
tating disease or infirmity)

Health % self-rated health as excellent or very good 

% with self-reported diabetes 

% of daily or occasional smokers among 
teens aged 12 to 19 years 

% of Canadians with a regular medical doctor 

% of population getting influenza immuniza-
tion 

% of population with an absence of health 
limitations 

Mental Health % who rate their mental health as very good 
or excellent 

Share of population reporting more negative 
than positive feelings and states yesterday 

Life Satisfac-
tion

National average of responses to the Gallup 
World Poll’s Cantril life ladder question

Negative affect balance: Mean value on a 0-10 
scale 

Nutrition Average calorific intake of food and drink per 
day

Adequate Diet

Sanitation Percentage of the population with access to 
improved sanitation facilities
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Dimension Indicators Measure

Knowledge, 
Skills and Edu-
cation

Early Child-
hood 

% of children aged 0 to 5 for whom there is a 
regulated center-based childcare space 

Amount of time spent in talk-based activities 
with children age 0-14 

Public School 
Performance

Ratio of students to educators in public 
schools 

Average of expenditure per public school 
student ($ 2013) 

Gross enrolment in secondary school (i.e. the 
ratio of total enrolment, regardless of age, to 
the population that are of secondary-school 
age)

Education Labour force with at least secondary educa-
tion

% of pop. Age 25 and older participating in 
education-related activities 

Average annual Canadian undergraduate 
tuition fees ($ 2015) 

% of 25 to 64 year old in pop. With a universi-
ty degree 

% of adults lacking any formal qualifications 

% of Canadians 20 to 24 years of age in la-
bour force completing high school 

Science Skills PISA mean scores 
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Dimension Indicators Measure

Environment

Exposure to 
Outdoor Air 
Pollution 

Share of population > WHO threshold from   

World quality measurements live data

Ground level ozone (pop weighted in parts 
per billion) 

Absolute GHG emissions (megatonnes of CO2    
per year) 

Consumption-based allocation of CO2 emis-
sions from energy and cement production

Consumption-based allocation of phosphorus 
from applied fertilizer

Consumption-based allocation of nitrogen 
from applied fertilizer

Access to 
Green Space 

Access to the natural environment once per 
week 

Energy Primary Energy production (petajoules) 

Residential Energy use 

Land Toal Farm Land (hectares) 

Consumption-based allocation of the human 
appropriation of net primary production 
(eHANPP) embodied in final biomass prod-
ucts

Material Foot-
print

Viable Metal Reserves Index 

Consumption-based allocation of used raw 
material extraction (minerals, fossil fuels, and 
biomass)

Ecological 
Footprint 

Biologically productive land and sea area 
needed to produce the biotic resources that 
a country uses, and to assimilate its CO2 
emissions
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Dimension Indicators Measure

Environment 
(continued)

Water Annual water yield in Southern Canada (km3) 

Consumption and pollution of blue water in 
the domestic water supply, plus virtual-water 
imports, minus virtual-water exports

Community 
Vitality

Social Interac-
tions

Hours per week 

% of pop. With 5 or more close friends 

Average daily amount of time with friends 
(minutes per day) 

Social Support Share of people who report having no friends 
or relatives whom they can count on in times 
of trouble 

Community 
Engagement

% of population reporting unpaid participa-
tion in any activities on behalf of a group or 
organization in the past year 

Average number of hours in the past year 
volunteering for culture/recreation orgs. 

% of pop who provide unpaid help to others 
on their own 

% of pop who believe that most or many peo-
ple can be trusted

% of pop. Reporting a somewhat or very 
strong sense of belonging to community 

Safety Experience of discrimination 

% difference that women feel less safe than 
men when walking alone at night 

Homicides per 100,000 people 

% of pop who feel safe walking after dark 

Crime Severity Index 
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Dimension Indicators Measure

Civic 
Engagement

Voting rate Share of registered voters who cast a vote 

Ratio of registered to eligible voters 

Old and young voters’ gap 

Sense of politi-
cal efficacy

Having no say in government 

Sense of personal political efficacy 

Satisfaction % reporting they are very/fairly satisfied with 
way democracy works in Canada 

Confidence % with a great deal or quite a lot of confi-
dence in federal parliament 

Diversity % of women in parliament 

Democratic 
engagement

% who volunteer for a law, advocacy or politi-
cal group 

Members of Parliament send communica-
tions to households / vice versa 

Leisure and 
Culture

Leisure Average % of time spent on the previous day 
in social leisure activities 

Time allocated to leisure and personal care, 
hours per day 

Avergae number of nights away/vacation trip 
in past year to destinations 80 km from home 

Sleep % of Canadians who report 7 to 9 hours of 
good quality essential sleep 
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Dimension Indicators Measure

Leisure and 
Culture 
(Continued)

Culture and 
Recreation

Average % of time spent on the previous day 
in arts and culture activities 

Expenditures in past year on all culture/recre-
ation as % of total household expenditures 

Average attendance per performance in past 
year at all performing arts performances 

Average visitation per site in past year to all 
National Parks and National Historic Sites 

Average monthly frequency of participation 
on physical activity lasting over 15 minutes 
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VI: Data Sources
Various data sources, both traditional and innovative, are listed in this table, along 
with their methods of collection and the initial contact information for CED. The 
table also reviews opportunities and challenges of each data source to help guide 
CED in choosing the appropriate data sources.

*APIs must be collected in accordance with TBS’ Standards on APIs.156

Name (& 
Type)

Method of 
Collection

Opportunities Challenges Free / 
Point of 
Contact 
(POC)

EMSI;
Burning 
Glass (La-
bour In-
sights from 
LinkedIn & 
Facebook)

Web scrap-
ing 

These compa-
nies web scrape 
typically expen-
sive data from 
private compa-
nies

Free

LinkedIn for 
Developers 
(Economic)

API* Can analyze and 
collect informa-
tion related to 
sub-indicators 
and proxies.

Must under-
stand how to 
use API through 
R and Python 
in order to use 
automation 
instead of man-
ual collection 
methods.

Free

Twitter for 
Developers  
(Economic & 
Health)

API Can analyze and 
collect informa-
tion related to 
sub-indicators 
and proxies.

Must under-
stand how to 
use API through 
R and Python 
in order to use 
automation 
instead of man-
ual collection 
methods.

Free
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Name (& 
Type)

Method of 
Collection

Opportunities Challenges Free / 
Point of 
Contact 
(POC)

CDR (strong 
proxy for so-
cioeconomic 
behavior157) 

Agreements 
though 
a phone 
company 
provider.

Can be used to 
analyze mobility, 
social interac-
tions, credit use. 

It is not precise 
to correlate 
these vari-
ables unless 
it is combined 
with Remote 
Sensing (RS) 
and verified 
its precision 
with traditional 
sources of data.

Privately 
owned. 
TELUS, 
ROGERS, 
BELL.

Google 
Trends 
(Internet 
job search 
trend index)

Download 
data directly 
from the  
site.

This method has 
the potential to 
forecast hori-
zons of one to 
twelve months 
of monthly 
unemployment 
rates.
The Google 
Index has prov-
en to be more 
precise than 
surveys of pro-
fessional fore-
casters. Similarly, 
the word like job 
and emploi to 
see magnitude 
level and cor-
relation.

1. It should 
be applied to 
Canada, results 
seem clear-
er at Federal 
level than at 
a provincial 
level (Quebec 
has a lack of 
data). 2. Google 
has to be the 
predominant 
search engine 
for searches to 
be represen-
tative. 3.Using 
the word  does 
not exclusively 
apply to job 
seekers who 
are forcibly 
unemployed.

Free
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Name (& 
Type)

Method of 
Collection

Opportunities Challenges Free / 
Point of 
Contact 
(POC)

Indigenous 
Tech.ai (Eco-
nomic)

Data 
pre-collect-
ed, con-
tained in a 
database, 
largest in 
Canada.

This source con-
tains information 
on communities 
across Cana-
da, economic 
corporations 
(SME) owned by 
an Indigenous 
community, and 
private sector 
Indigenous com-
panies.

Not publicly 
available.

POC: Nuz-
io Ruffolo, 
nuzio@
indige-
noustech.
ai for more 
informa-
tion.

Government 
of Canada 
Open Data 
(Economic & 
Fiscal snap-
shot meta-
data)

Open 
source, 
publicly 
available 
from De-
partment 
of Finance 
Canada

Data is saved in 
compatible file 
format for API 
data collection 
methods.
This data lays 
out the steps 
Canada is tak-
ing to stabilize 
the economy 
and protect the 
health and eco-
nomic well-be-
ing.

Snapshot 
provides broad 
insight, with 
less focus on 
detail and more 
on the overar-
ching shift in 
economic and 
fiscal datasets.

Free
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Name (& 
Type)

Method of 
Collection

Opportunities Challenges Free / 
Point of 
Contact 
(POC)

Conference 
Board of 
Canada

Data pro-
vides insight 
on medium- 
and long-
term out-
looks on the 
national, 
provincial/
territorial, 
metropol-
itan, and 
industrial 
economies.

It is the largest 
private econom-
ic analysis and 
forecasting unit

This database is 
for paid users 
only.

POC:  
General 
Inquiries 
1-866-711-
2262

Statistiques 
Québec 
(ISQ)

Non-aggre-
gated, raw 
data from 
surveys and 
Québec 
government 
ministries 
and agen-
cies admin-
istrative 
data.

Economic in-
dicators (that 
Quebec Interna-
tional uses) are 
available in the 
online open-da-
tabase.

Exact key word 
search is diffi-
cult to deter-
mine which 
words data are 
linked to.

Free

Happiness 
Alliance
(Economy, 
Health,  En-
vironment)

Indexed 
datasets 
pre-pulled 
from many 
sources.

Data collected 
is sorted into 12 
different catego-
ries. 

Data provid-
ed is already 
processed and 
provided as a 
pre-calculated 
average

POC: 
info@hap-
pycounts.
org  for 
more in-
formation.
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Name (& 
Type)

Method of 
Collection

Opportunities Challenges Free / 
Point of 
Contact 
(POC)

OECD
(Canada’s 
Economic 
Snapshot)

Indexed 
datasets 
pre-pulled 
from many 
sources.

OECD has a 
live-time publi-
cations feed. In-
cludes percent-
age of SMEs and 
GDP in Canada 
compared to the 
rest of the world.

Data captures 
what is hap-
pening country 
wide, not by 
province.

Free

Quebec In-
ternationale 
(economic 
statistics)

Collected 
from (Stats 
Canada/
Quebec and 
the Confer-
ence Board 
of Canada)

Provides infor-
mation on 5 key 
economic re-
gional indicators 
including (La-
bour market;
Economic 
growth;
Investment;
Purchasing pow-
er; and
Demographics.)

They do not 
provide the raw 
data, only what 
is displayed on 
their website.

Free,
Questions 
POC: Émile 
Émond, 
eemond@
quebecin-
ternation-
al.ca 

Data Shar-
ing Agree-
ments with 
other Gov-
ernment of 
Canada de-
partments 

Various 
methods 
used, not 
specified 
online.

DEC could gain 
new data sourc-
es and deeper 
insight to areas 
of interest.
Data might also 
be cleaned and 
structured prior 
to being shared.

Would require 
DEC establish 
data sharing 
agreements, if 
something is 
not already in 
place.

Free
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Name (& 
Type)

Method of 
Collection

Opportunities Challenges Free / 
Point of 
Contact 
(POC)

Montreal In-
ternational

Various 
methods.

DEC can gain 
access to key 
economic data 
on Greater Mon-
treal’s business 
advantages in 
the region.

DEC would 
have to partner 
with Montreal 
International 
to access data. 
Data would 
also need to 
be reviewed to 
determine the 
relevance.

POC: Mi-
chelle Alie, 
michelle.
alie@
mtlintl.
com 

The Com-
munity Data 
Program 
from the 
Canadian 
Council on 
Social De-
velopment 

commu-
nity-level 
datasets 

DEC can use to 
track social and 
economic trends 
at a community 
level  to inform 
policies

DEC would 
have to partner 
with various re-
gional and mu-
nicipal actors 

POC: 
Michel Fro-
jmovic
Lead - 
CCSD 
Commu-
nity Data 
Program
michel@
ccsd.ca 
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VII: Six Key Considerations to Build a 
Data Architecture
McKinsey outlines six key considerations when building a data architecture to drive 
innovation by transitioning through major shifts.158

1)  FROM ON-PREMISE TO CLOUD-BASED DATA PLATFORMS. 

Cloud platforms from providers such as Amazon Web Services, Google Cloud 
Platform and Microsoft Azure can allow companies to scale AI tools rapidly. 
Serverless data platforms (e.g. Amazon S3 and Google Big Query) can allow for 
data-centric applications with infinite scale, lowering the need for expertise and 
increasing the speed of deployment. Container technology (e.g. Kubernetes) 
enables organizations to decouple and automate computing power and storage 
deployment to scale. Organizations can combine these technologies. Being part 
of the GoC, CED has access to a list of providers approved by the Cloud Brokering 
Services.159

2) FROM BATCH TO REAL-TIME DATA PROCESSING.

The growing availability of real-time data creates an opportunity for its use from 
reduced costs. Subscribing to real-time data streaming allows users to subscribe to 
topics and receive a constant feed of data. A data lake would serve as the “brain” 
for these services. Streaming processing and analytics solutions including Apache 
Kafka Streaming, Apache Flume, Apache Storm, and Apache Spark Streaming allow 
for direct analysis of messages in real-time using rule-based or advanced analytics 
approaches to extract signals from the data.

3) FROM PRE-INTEGRATED COMMERCIAL SOLUTIONS TO MODULAR, 
BEST-OF-BREED PLATFORMS. 

Modular data architectures that use best-of-breed or open-source components 
are well-positioned to be replaced with new technologies as needed. Analytics 
workbenches including Amazon Sagemaker and Kubeflow simplify building end-
to-end modular data architectures, where pipeline and Application Programming 
Interfaces (API) can simplify disparate tools and platforms, enabling the 
replacement of individual components.

4) FROM POINT-TO-POINT TO DECOUPLED DATA ACCESS.

API’s can ensure that the ability to view and modify data is limited and secure while 
offering greater and faster access to standard, up-to-date datasets. This shift can 
efficiently develop AI because it enables the sharing of data between teams. 
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5) FROM AN ENTERPRISE WAREHOUSE TO DOMAIN-BASED 
ARCHITECTURE. 

Customizable and consumable datasets are gaining more importance in 
organizations to attain greater access to integrated distributed data assets to gain 
more value. Data virtualization techniques and data cataloguing tools can enable 
these efforts.

6) FROM RIGID DATA MODELS TOWARD FLEXIBLE,  EXTENSIBLE DATA 
SCHEMAS. 160 

Denormalized data models with fewer physical tables can help organize data 
for maximum performance through greater flexibility in storing structured and 
unstructured data. Greater agile data exploration and reduced complexity are also 
benefits as the introduction of additional abstraction layers are no longer needed, 
such as multiple “joins” between highly normalized tables, to query relational data.

For this project, the Policy Lab team will provide the critical components of 
managing data for AI’s use. There is, however, a need for all components within a 
data governance framework and data architecture in the long-term. However, in 
the near-term, the best place to start is by building a data management plan with 
small steps. 
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VIII: Data Best Practices and Database 
Management Systems 
Data management best practices can inform organization optimization, 
documentation, and preservation of files, and how best to use and protect 
sensitive data. The following best practices are most useful for CED to consider for 
measuring and predicting well-being.

FILE FORMAT 

The file formats CED should use are easily accessible, non-proprietary, of common 
usage, and stable, however many data sources will have files that can be encrypted 
and compressed, presenting challenges for use. Instead, files should be archived in 
a preferred and standard file format to ensure access to these files in the future,161 
and that they can be read by diverse software.162 For example, CDR databases can 
be archived in a XML or CSV format. 

METADATA

Creating metadata, otherwise known as the information about the data, is helpful 
for data reuse and long-term preservation of data and its research. Metadata 
usually identifies the data’s author, content, date, location, and why and how it 
was made.163  For measuring well-being, metadata can track specific well-being 
dimensions, and provide insight on different indicators from datasets.164  

MAKE DATA MALLEABLE FOR COMBINATION

Combining data with other kinds of similar data will create the most value out of 
the data. This requires a consistent “link”, like contextual data, that can appear 
across similar datasets. For instance, the geographic location from where the 
data was retrieved could be added in the metadata.165 Consistency when coding 
geographic locations is needed, mostly because a common issue arises when 
integrating datasets with different labels. For example, Quebec can be found in 
datasets like “QC” or “Quebec”. Adding columns to the dataset to describe locations 
differently can help make this challenge easier, specifically if the data collector is 
coding information.
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SENSITIVE DATA

Using innovative data sources will collect information about people, in which 
privacy implications are involved. It is recommended that software like Excel are 
not used for this type of data.166 REDCap, STRIDE, and Qualtrics are some tools that 
are recommended to work with sensitive data, specifically health information. For 
future development, there should be practices that permit compatibility for the 
analysis of sensitive data, its storage and further use when harnessing AI. This is an 
important risk to consider.

VISUALIZATION OF CLEAN AND STRUCTURED DATA

After CED has cleaned and structured the new dataset, “it is often useful to employ 
simple visualization techniques for exploratory data analysis, since the human eye 
is very powerful at discovering patterns.”167 However visualization graphs, such as 
pie charts or scatter plots, can take many different forms and ultimately depending 
on the question at hand. 

The GoC’s Gender Results Framework dashboard available in the QoL Strategy, 
and the UK’s National Well-being dashboard are examples of publicly available 
visualization of clean and structured data. As mentioned above, the dashboard 
approach provides patterns that are straightforward to interpret. They do not 
require specific assumptions and can provide analytical detail and granularity 
useful in supporting specific policy recommendations.

DATABASE MANAGEMENT SYSTEM REVIEW

After deciding on the preferred data sources, and the process of the collection, 
an important question is what DBMS model is most appropriate for CED’s specific 
problem. Important considerations for choosing the DBMS are the model of 
databases for CED’s needs, the level of data consistency, level of data security, data 
protection (encryption), access to multiple users, synchronization and integration to 
other tools, efficiency (response time), usability (user friendly), implementation and 
service costs  to CED’s needs.168

Also CED should consider the brokers available for storage systems which are 
AWS, Microsoft, Salesforce, Google and Oracle.169 The recommendations here can 
be different from those offered by the brokers themselves since they tailor their 
functionality to their clients.
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