
International Journal of Population Data Science (2026) 11:1:47

International Journal of
Population Data Science
Journal Website: www.ijpds.org

Use of Large Language Models (LLM) for Occupational Classification: An
Example of Early Learning & Child Care (ELCC) Workers

Maria Ahmed1,∗ , Kristyn Frank2, Anne Guèvremont2, Dafna Kohen2, and Joanne Yoon3†

Submission History

Submitted: 07/10/2025
Accepted: 29/07/2026
Published: 19/10/2026

1
Department of Sociology,

University of Western Ontario,
London, Ontario, Canada
2
Health Analysis and Modelling

Division, Statistics Canada,
Canada
3
Artificial Intelligence Methods

Division, Statistics Canada,
Canada

Abstract

Introduction
The use of Artificial Intelligence (AI) for occupational classification has drawn the attention of
statistical agencies because manual coding is time-consuming and expensive. In Canada, the national
“$10-a-day” Early Learning and Child Care (ELCC) program has increased the need for more detailed
information on the ELCC workforce.

Objectives
Given the successful use of Machine Learning (ML) for occupational coding in open-ended Census
write-in responses, this study explored the feasibility of creating an in-context ML classification
protocol with a particular focus on Canada’s growing ELCC sector.

Methods
Using Canada’s 2021 Census of Population, write-in responses (n= 57,135) were classified using a
large language model (LLM) for few-shot learning classification, an ML paradigm where a model is
instructed to perform a task with a limited number of examples. Data were processed with Meta
AI’s Llama 2 model.

Results
Existing National Occupational Classification (NOC) and North American Industrial Classification
System (NAICS) categories are not sufficiently specific for the identification of a group of ELCC
workers that is meaningful for policymakers. Through subject-matter expertise and iterative LLM
classification reviews, NOC occupational groups were refined into several subgroups to better classify
jobs relevant to the sector. Assigning workers to these refined subgroups would otherwise have been
an inefficient and onerous undertaking through typical manual classification methods.

Conclusions
This study demonstrates the utility of LLM classification as an efficient and time saving tool.
However, the tool cannot offer improvements in isolation and needs to be complemented by subject-
matter expert input. The use of LLM resulted in a more granular and meaningful occupational
classification for ELCC workers.
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Introduction

Artificial Intelligence (AI) has had a substantial impact
on generating efficiencies in many public sectors, including
healthcare, education, and intragovernmental institutions [1,
2]. Consequently, interest in how National Statistical
Organisations (NSOs) can leverage AI through Machine
Learning (ML) and Large Language Models (LLM) to improve
applications and processes in official statistics [3, 4] has
increased. For example, NSOs have used AI to improve manual
data processing and classification tasks such as automating
the production of the Consumer Prices Index [5] and coding
of open-ended survey questions [6].

The use of AI for occupational coding has drawn
the attention of statistical agencies due to the time and
cost intensive nature of manual and computer-assisted
classification [7]. AI methodologies have evolved to automate
these tasks [7, 8]. While these methods have shown promise
in increasing efficiency, more recent LLM strategies, such as
zero-shot data extraction with community-fine-tuned large
language models (CLLMs) or pre-trained natural language
processing (NLP) models such as the Bidirectional Encoder
Representations from Transformers (BERT), showcase the
ability to automate occupational coding with little, if any,
labelled data [9, 10]. These developments situate occupational
coding within the broader literature on automated text
classification, where ML and NLP methods are widely used
to categorise large collections of textual data, including topic
modelling and supervised text classification [11–13].

One area of interest for NSOs is the classification of
occupational data from surveys to produce accurate and
timely labour market estimates [14]. With the advent of
the Canada-wide “$10-a-day” Early Learning and Child Care
(ELCC) system, the federal government established bilateral
agreements with each province and territory, aiming to create
250,000 new child care spaces by March 2026 [15]. As both
dual-earning and lone-parent families have increased, demand
for child care spaces has risen [16], leading to greater need for
ELCC workers. Canada’s ELCC workforce consists of “formal”
providers working in centres or in private homes, and “informal”
providers such as relatives, nannies, and babysitters [16]. For
policy and planning, this signals a need for accurate, timely
estimates of the ELCC labour force to better understand
demand for different worker types.

The ELCC workforce is typically defined by two
occupational groups in Canada’s National Occupational
Classification (NOC): Early Childhood Educators and
Assistants (NOC 42202) and Home Child Care Providers
(NOC 44100) [16–19]. While these groups have changed over
time [20–22], the categories remain broad and encompass
a wide range of roles. As such, they do not capture
distinctions meaningful for policy and workforce planning,
such as differences between formal and informal providers
or workers in centre- versus home-based care. This gap has
motivated efforts to develop more granular classifications of
ELCC workers. For example, Guèvremont [18] used Canadian
Census and Labour Force Survey (LFS) data to identify
six subcategories of ELCC workers based on industry, self-
employment status, and place of work, distinguishing roles
previously grouped together (e.g., early childhood educators
in kindergarten classrooms, nannies, and workers providing

drop-in care in commercial establishments). However, key
policy-relevant distinctions, such as whether care is provided in
licensed centres or homes, cannot be fully identified by existing
classification systems.

Generally, NSOs use responses to national labour force
surveys or the Census to manually code thousands of records
according to standard classification systems such as the NOC
or the North American Industry Classification System (NAICS)
[8, 14, 23]. Statistics Canada has increasingly automated
this process using ML to classify occupational codes from
the LFS and the Census using fastText, a supervised text
classification model trained on approximately 1.5 million
previously coded records [14]. This workflow maps open-ended
responses onto predefined occupational classification codes.
While this approach achieves high accuracy with large, labelled
datasets, it has limitations: it relies on substantial training data
and is optimised for pre-existing categories.

Building on the successful use of ML for coding write-
in responses, this study develops and evaluates an ML
classification protocol focused on Canada’s ELCC sector,
where more granular, policy-relevant information is needed.
This sector was selected because existing methods cannot
differentiate its nuanced occupational settings and emerging
workforce roles, distinctions important for workforce planning
and policy development [16, 17]. The ELCC sector therefore
provides a useful case study for domains where occupational
roles span formal and informal settings, job titles and
descriptions vary substantially, and classification systems risk
misclassification [7, 11]. The objective of this study was to
explore the feasibility of using an LLM with an in-context
learning approach to categorise census write-in responses into
more granular ELCC occupational groupings. Rather than
comparing model performance, this study makes a unique
contribution by examining an iterative classification protocol
that integrates subject-matter expertise to refine occupational
categories where training data are limited, classification
schemes are evolving, and distinctions between formal and
informal roles are difficult to capture.

Methods

This study used the 2021 Census Response Database (RDB),
an internal unweighted dataset that includes write-in responses
to the long-form questionnaire of the 2021 Census of
Population, a national census conducted every five years.
The questionnaire was administered to 25% of Canadian
households and included questions about age, gender, sex,
languages spoken, household relationships, and detailed
questions about respondents’ labour force characteristics,
work activities, and occupations. The data were processed
through Large Language Model Meta AI 2 (Llama 2) [24],
a high-performing open-source model developed by Meta AI.

Variables

The occupation information used in this study included both
write-in responses and coded variables. For employed or self-
employed persons in the current or previous year, three write-in
questions were used to categorise workers’ occupation and
industry using the NOC and NAICS: “What kind of business,
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industry or service was this?”, “What was this person’s work or
occupation?”, and “In this work, what were this person’s main
activities?”

In the NOC, Early Childhood Educators and Assistants
(NOC 42202) are workers who “plan, organize and implement
programs for children between the ages of infancy and 12
years” and “are employed in child care centres, daycare
centres, kindergartens, agencies for exceptional children and
other settings where early childhood education services are
provided” [19]. Home Child Care Providers (NOC 44100)
are individuals who “care for children on an ongoing or short-
term basis” and “are employed primarily within their homes
or in the children’s home” [19]. These categories encompass
all ELCC workers but capture a broader group than those of
interest to policy makers and researchers.

Another way to identify ELCC workers in the Census is
by industry using the NAICS, developed by the statistical
agencies of Canada, Mexico, and the United States. The
2021 Census utilised the 2022 NAICS. The daycare services
industry (NAICS 6244) “comprises establishments primarily
engaged in providing daycare services for infants or children.
These establishments may care for older children when they are
not in school and may also offer pre-kindergarten educational
programs.” However, this classification alone is inadequate, as
it includes individuals who do not directly work with children
(e.g., cleaners, cooks) and excludes ELCC workers who may
be classified in other industries (e.g., private households).
Nonetheless, NAICS remains useful for identifying the types of
industries employing ELCC workers, such as child care centres
or schools.

Other important attributes for classifying the nature of
ELCC workers include employment status (employed or self-
employed), whether they work at home, and education [18].
Beach [25] recommended classifying child care workers as
working at a usual place of work or at home, with centre-based
care represented by those working at a usual place of work
and home-based care by working at home. Such additional
information can improve classification accuracy.

Analytic Strategy

This study used a rule-based filter alongside an LLM text
classifier. LLMs are AI systems designed to process and
generate human-like text. They are pre-trained on massive
data sets to comprehend context and language nuances with
the goal of generating coherent and contextually relevant
responses [26]. LLMs inherently capture intricate patterns
and semantic relationships in data to tackle various natural
language tasks well, which was the ideal methodology for this
study.

A set of rules largely based on previous work [18] were
used to filter the possible subgroups for the Census write-in
responses using the known structure of ELCC workers. These
rules used Census variables such as occupation, industry, and
location of work. Other categories were introduced iteratively
to further refine subgroups based on expert subject-matter
input. The LLM text classifier then assigned the write-in
responses to the most appropriate subgroup category. Figure 1
illustrates the process flow.

Since LLMs outperform traditional ML models in few-shot
classification due to extensive pre-training on large, diverse

datasets, this methodology was selected. In this paradigm,
known as in-context learning, the model performs a task
(classification) using only instructions and a small number
of examples, far fewer than traditional models require. Tasks
are performed by prompting the LLM instead of retraining or
tuning it. It is preferred over traditional approaches, especially
by subject-matter experts, because it enables models to rapidly
grasp nuances and generalise to new cases without extensive
data labelling.

This study used open-source LLM model Llama 2 which,
at its release, outperformed open-source chat models on most
benchmarks tested and in human evaluations for helpfulness
and safety. Llama 2 was a suitable substitute for closed
source models [24] and was used in a protected environment,
accessed through Application Programming Interface (API)
calls within the internal Statistics Canada network, ensuring
control over data access and no risk of unauthorised exposure
associated with cloud-based solutions. The LLM was hosted
on a dedicated graphics processing unit (GPU) computer with
256 GB of memory and dual Quadro GPU, supported by a 1
TB solid state drive for system operations. The classification
program ran on a separate computing environment with
two central processing unit (CPU) processors and 8 GB of
memory, which was sufficient to interact with the Llama 2
API. Individuals’ data were not accessible to Meta AI or
incorporated into external training datasets.

To classify job descriptions into meaningful occupational
subgroups, prompts included job titles and representative
write-in responses describing main work activities for each
subgroup (see Supplementary Appendix 1). These prompts
guided the model by linking job roles with appropriate
examples from the write-in responses. The validity of the
LLM’s predictions was assessed through manual verification
by subject-matter experts using samples of 250 responses
per category, randomly selected across six iterations (4-6
categories each). Prompts were supplied in English, while
example and input write-ins were provided in English and
French, Canada’s two official languages. This highlights a key
advantage of LLMs; their extensive multilingual pre-training
enables classification across languages without additional
model tuning.

False positives, where write-in responses did not align
with the expected subgroup, were addressed through expert
review and category refinement. False negatives arose when
overly strict parameters (e.g., education criteria), caused the
model to exclude valid entries. The guiding prompts were then
revised iteratively, with each round reducing misclassifications.
For example, ambiguity was reduced by adding more labelled
examples to the prompt or creating new subgroups to capture
distinct write-in responses.

Initial analyses included NOC categories 42202 and
44100; however, Early Childhood Educators and Assistants
(NOC 42202) were used as a policy-relevant example to
focus the results. Results were based on unweighted data
(n=57,135); therefore, they should be considered exploratory
and interpreted with caution.

Results

Rule-based filters were initially applied to sort each respondent
into a possible subgroup, based on a combination of
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Figure 1: Process Flow for Rule-Based and AI-Assisted Classification of ELCC Worker Subgroups

Note: Census 2021 Database refers to the 2021 Canadian Census Response Database, a confidential data set which is not publicly
available.

occupation (NOC), industry (NAICS), and other census
information (e.g., education level, work from home status, self-
employment status). Based on subject-matter expertise and
prior Census-based work [18], four subgroups were proposed
within the NOC group “Early Childhood Educators and
Assistants”:

(1) Early Childhood Educators (ECEs) in Daycare Centres:
Worked in the daycare services industry (NAICS 6244),
did not work at home, were paid employees, and had
a college diploma or higher. Example job titles in the
write-in responses included “Early Childhood Educator”
or “ECE”, “Registered Early Childhood Educator” or
“RECE”, “Daycare worker”, and “Child care worker”.

(2) Early Childhood Educator Assistants in Daycare Centres:
These workers had a similar profile to ECEs but were
expected to have lower levels of education (i.e., did not
have a college diploma or higher). Example job titles
included “Early childhood assistant”, “Early childhood
worker”, “Daycare worker”, and “Child care worker.”

(3) Early Childhood Educators in kindergarten classrooms:
These workers were similar to (1) ECEs but worked in
schools (NAICS 6111) rather than the daycare services
industry. Example job titles included “Early Childhood
Educator” or “ECE”, “Registered Early Childhood
Educator” or “RECE.”

(4) School-based child care providers (i.e., workers in a
child care centre located in a school OR a before- and
after-school program): These workers were similar to
(3) ECEs in kindergarten classrooms but were expected
to have lower education levels and job titles like
“Extended day program worker” or “After school camp
counselor.”

Following this, an LLM text classifier categorised Census write-
in responses to the best subgroup. The LLM processed the

results in about 2 seconds per entry, compared to manual
coding by a human of about 30 seconds per entry. For the
57,135 responses, this would equate to 30 hours for the
LLM compared to about 500 hours for manual coding (about
12 weeks of 40 hours/week of work for one human coder).
However, expert review is still needed for the LLM, requiring
another 20 hours.

Subject-matter experts conducted a collective manual
review of a sample of about 250 responses in each category.
Differences in categorisation were resolved by consensus. Initial
results were relatively accurate (92% accuracy compared to
manual classification by a subject-matter expert), but subject-
matter review revealed responses (8%) that could be better
categorised. For example, many workers in the “Daycare
Centre” category had job titles or activities that indicated
they provided before- and after-school care. Some responses
for occupation were “after school worker” and “before and after
school staff” and/or with a type of business of “after-school
program” or “after school education program”. As these job
categories are not early childhood educators, a new subgroup
for before- and after-school child care providers was created.
Job titles and activities suggesting management positions
(e.g., “director”, “supervisor”) or other non-child care activities
(e.g., “cleaning”, “kitchen help”) indicated many were likely not
working directly with children. Therefore, another subgroup
was created: “Other workers in child care settings (non-child
care).”

The manual review also examined the classification of
misspelled words and compared the accuracy of English and
French entries. Misspelled entries appeared to be classified
correctly. French text entries were classified with similar
or higher accuracy (89% to 98% accuracy depending on
subgroup) compared to English text entries (81% to 95%
accuracy depending on subgroup). Five further iterations were
conducted, each supplying the LLM with additional labelled
examples, creating new subgroups and/or including other
variables to refine rule-based filters. Each iteration involved
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Figure 2: Final Distribution of Derived Subgroups for Write-In Responses from Workers Coded to Early Childhood Educators and
Assistants NOC Group 42202

Source: 2021 Canadian Census Response Database; the proportion of workers in each sub-category does not represent the actual
percentage of these workers in Canada.

manual verification by subject-matter experts with a random
sample of about 250 cases per subgroup.

Field of study and weekly work hours were also tested as
rule-based filters. Field of study was considered to identify
workers trained in early childhood education; however, Census
data report only the highest level of education, limiting
information about respondents with higher education in
unrelated disciplines. For example, immigrants, who comprise
a notable share of Canada’s ELCC workforce [16], often work
in jobs for which they are overqualified due to difficulties
with foreign credential recognition [27]. Manual verification
revealed several misclassifications after including field of study,
leading to its removal from the rule-based filters. Similarly,
weekly hours were considered to identify before- and after-
school child care workers, based on the assumption they
may work fewer hours than other ELCC workers. Manual
verification again identified several misclassifications, and this
variable was also excluded. After five iterations, the resulting
final categorisations are summarised in Figure 2.

The accuracy of the final categorisations was compared to
manual classification by subject-matter experts. The overall
accuracy decreased compared to the original classification
(82% vs. 92%). However, for the original four categories,
the accuracy improved and ranged from 96% to 99% in the
final classification. The accuracy of the two new categories
was poor: 21% accuracy for “Before- and after- school child
care providers” and 65% accuracy for “Other workers in child
care settings (non-child care workers)”. Low accuracy was
likely due to vague write-in responses. For example, many

of the miscategorised responses for occupation were “child
care worker” or “child care provider”, with the main activity of
“daycare” or “taking care of children”. Many similar responses
were categorised correctly as ECEAs, either in daycare centres
or schools. Although the accuracy of the new categories was
poor, the exercise was stopped after five iterations due to
project scope and time constraints. Accuracy may have been
improved with further iterations by providing more training
examples for the model.

While the data are unweighted and not representative
of the actual percentage of ELCC workers in Canada, the
resulting proportions offer useful insights into the distribution
of the ELCC workforce. Most ELCC workers in NOC 42202
were daycare centre workers, with the highest proportion being
ECEs and a lower proportion being ECE assistants (Figure 2).
The remaining workers were ECEs in kindergarten classrooms,
before- and after-school child care providers, school-based
child care providers, with a very small percentage classified
as other workers in child care services.

Discussion

This study demonstrates how an LLM can be applied,
using an in-context learning approach, to classify open-ended
Census write-in responses into more granular occupational
categories. Further refinement of ELCC worker categories
– such as identifying those employed in child care centres
– was particularly important given current policy priorities.
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A key finding is that the LLM could not derive appropriate
classifications without the input of subject-matter expertise,
which is essential for defining and refining more meaningful
occupation subclassifications. However, this study highlights
the potential to build upon the current NOC by introducing
new subcategories to address information gaps in priority areas
related to the Canada-wide ELCC system.

Although Statistics Canada has used ML, such as fastText
[14], to accurately assign NOC and NAICS codes, this
study demonstrates the potential of combining subject-matter
expertise with the efficiency of LLM-based classification that
does not require large, labelled training datasets. Because the
LLM was not trained on domain-specific data, its performance
in classifying nuanced occupational responses may be limited;
however, the semi-structured approach and expert review
likely helped mitigate this. This approach enables more
detailed occupational classification that would otherwise be
misclassified using existing NOC codes alone. The large
number of respondents and unstructured nature of open-ended
survey responses supports the classification of large quantities
of open-ended data into meaningful categories. This, in turn,
yields more meaningful occupational information for policy
planning, including training and recruitment.

Another efficiency identified is the ability of LLMs to
“understand” and apply instructions in multiple languages
(in this case, English and French). As LLMs are pre-
trained on large multilingual datasets, they can recognise
and process many languages simultaneously – an advantage
for classification tasks. French entries were classified with
similar or higher accuracy than English entries, possibly due
to Quebec’s more established, province-wide child care system
(since 1997), relative to the more recent Canada-wide ELCC
program. Additionally, the LLM seemed to handle common
misspellings effectively.

This study also provides a methodology for applying few-
shot learning classification within official statistics for labour-
intensive manual classification projects. As the model uses
a limited number of examples to infer how to perform the
classification task, this approach provides significant time and
cost savings compared to traditional methods. It captures
nuances without the burden of labelling large amounts of
examples or using greater server resources for data input and
processing. In this study, a sample of 57,135 total responses
were analysed (with 250 responses in each of 6 categories used
for manual verification); this is relatively small considering the
vast amounts of training data required for other predictive ML
algorithms [9]. For example, fastText training data included
more than 1.5 million records and a further 200,000 records
were retained as a validation dataset [14].

The primary limitation was the LLM’s reliance on
substantial subject-matter expert input, both preceding and
during text classification. Compared to traditional attribute-
based classification methods [18], the time and expertise
required was substantial. While reviewing multiple iterations
improved understanding of how the LLM applied the rules, it
was time consuming. This limitation may be an artefact of
the area of study (i.e., ELCC workers) where responses vary
widely. However, this approach may benefit other fields, such
as dentistry, nursing, or other healthcare professions, where
job titles and descriptions also vary widely and support roles
are often reported alongside primary occupations.

Some variables considered (field of study, weekly work
hours) did not help to improve classification. In the census,
field of study reflects respondents’ highest level of education,
which may not capture ELCC training, though it may be
more useful in industries where highest degree aligns with the
required disciplinary background. Weekly work hours varied
within groups, limiting its usefulness; this variable may be
more informative in industries where hours of work differ across
worker subcategories. Researchers should be familiar with their
data and recognise the data needed for nuanced categories may
be unavailable.

This study leveraged existing subclasses and examples to
better guide the LLM. Although initially time consuming, zero-
shot classification using instructions and categories should
significantly reduce subject-matter experts’ time in future
applications by not having to create examples. Future work
could also compare different models to enable more rigorous
evaluation of classification performance. Additionally, an
inductive approach without rule-based filters would allow the
model to infer the categories. This may be a promising
direction for researchers and limit the amount of input
required. Newer models may be able to improve classification
accuracy for difficult categories; the very low accuracy for the
“Before- and after- school child care providers” group was a
limitation, but due to Statistics Canada’s closed environment,
this study was limited to the use of the Llama 2 model.

Conclusion

This study demonstrates the ability and necessity to
bridge subject-matter expertise with the efficiencies of
LLM classification to produce more nuanced occupational
classification. This approach improves classification granularity
while balancing analytic resources by limiting the burden of
manually classifying large volumes of data. The LLM alone
was insufficient and depended on expert input; however, it
can assist subject-matter experts in testing and iteratively
refining new classification categories. Within the context of
ELCC workers in Canada, this study proposes a more granular
categorisation that addresses information gaps. Future studies
could evaluate whether this LLM protocol is effective for other
occupational groups, and in other policy contexts.
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