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Abstract

Purpose — Occupational classification (OC) systems like SOC 2020 and ISCO-08 are vital for healthcare
workforce planning; however, differences between these standards reduce comparability. This study examines
the technical feasibility of harmonizing UK health OC through natural language processing (NLP) models.
Design/methodology/approach — First, a hierarchical analysis of OC systems was developed. Then, NLP
models (i.e. Bag of Words, TF-IDF, SBERT and an ensemble) were proposed for semantic mapping and
benchmarking of OC systems in the United Kingdom. A manual validation study with two domain-aware
annotators assessed mapping accuracy.

Findings — We found that the SBERT model matches occupations more accurately than other models. Indeed,
1,308 matches from one job title to many job titles pairings were identified. Moreover, we benchmarked four UK
health systems and showed that using SBERT, OC systems can achieve an average similarity and standard
deviation of 63.21% (17.13%) for Scotland-Wales, 58.80% (16.49%) for Scotland-England and 61.28%
(15.71%) for Scotland-Northern Ireland. Manual validation yielded precision scores of 0.73-0.98 and F1 scores
of 0.84-0.99 across datasets. Using NLP simplifies the classification process, reduces administrative tasks and
improves consistency with international standards. However, agreement levels varied across comparisons
(76-90%), indicating that expert oversight remains necessary.

Originality/value — This study shows the technical feasibility of using NLP models for healthcare OC
harmonization and offers a practical and scalable solution for improving OC alignment. This research applies
NLP models jointly with benchmarking processes prioritizing practical adoption over methodological novelty,
focusing on the UK healthcare sector.

Keywords Occupational classification system, Healthcare workforce, Semantic mapping, Granularity, NLP,
SBERT
Paper type Research article

Introduction

Occupational titles are usually categorized according to the International Standard Classification
of Occupations (ISCO), which is the globally accepted system by the International Labour
Organization (ILO) (ILOSTAT-1, 2024). Most National Statistical Offices (NSOs) have adopted
the ISCO-08 classification, either as their primary system or in conjunction with existing national
classification systems (Tijdens & Kaandorp, 2018). The Standard Occupational Classification
(SOC) 2020 is the UK’s current classification system. It is widely used by employment agencies
for job matching and for labour market policy (ONS, 2024). Both systems share a four-level
hierarchical structure (major, sub-major, minor, and unit groups), though ISCO-08 contains 436
occupational units compared to SOC 2020’s 412. SOC 2020 uses the same principles as ISCO-
08; however, aligning these systems at finer granularity levels is challenging because a single
unit group in one classification may map to multiple unit groups in the other (Schmidtke, 2014).
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DTS Despite the widespread adoption of ISCO-08 and SOC 2020 as foundational frameworks
for OC, existing research and practice reveal significant challenges in harmonizing these
systems, particularly in the healthcare sector, where job roles and skill requirements are
complex and continuously evolving. This fragmentation limits the comparability of workforce
data across national and international contexts, thereby constraining effective workforce
planning and international benchmarking.

In this study, we comprehensively analyse and compare OC systems within healthcare by
examining data from the ILO alongside the UK’s National Health Service classifications. By
employing hierarchical analysis, semantic mapping, and a benchmarking process, we aim to
identify inconsistencies and barriers in the harmonization between these systems. Additionally,
we use NLP models for the semi-automatic classification processes, proposing a scalable
solution that enhances alignment with global standards while maintaining local relevance. This
study demonstrates technical feasibility rather than deployment-ready solutions.

This article is structured as follows: First, we provide background on existing methods.
Next, we describe our cascade method comprising Hierarchical Analysis, Semantic Mapping,
and Benchmarking. Then, results of comparative analysis are shown. Finally, the feasibility
and practical implications of adopting SOC in the NHS.

Background
A study developed by the Warwick Institute of Employment Research identified how SOC
2020 and ISCO-08 could be matched at the job title level (Warwick, 2018). They created a
coding tool called CASCOT (Computer Assisted Structured Tool), which took SOC job titles
as input and produced ISCO codes as output. In some cases, there was not a perfect match,
leaving some titles without a match. Beyond CASCOT, recent tools include SOCcer for US
SOC codes (Russ et al., 2016, 2023); AUTONOC for Canadian NOC (Suarez Garcia et al.,
2021); Labour for ISCO (Kouretsis, Bampouris, Morfiris, & Papageorgiou, 2020) and
transformer-based models (Safikhani, Avetisyan, Foste-Eggers, & Broneske, 2023). A 2023
comparison found that existing tools achieved only 17-26% exact agreement at the 4-digit
level (Ge, Friesen, Locke, Russ, Burstyn, Baker, . . ., & Huss, 2023), highlighting the need for
more accurate methods. Young, Fedkina, Chatwood, and Bjerregaard (2018) conducted a
study on the healthcare workforce in eight Arctic states, using a semantic and linguistic
approach due to the complexity of extracting descriptive information at a high level of
granularity. This methodology enabled comparability between the eight states and helped the
researchers identify trends and patterns within workforce job titles despite the challenge of
working with different languages. Giunchiglia and Shvaiko (2003) used an approach called
semantic matching by mapping concepts between two sources of qualitative data at two levels
of granularity: element and structure. Zhang, Ren, and Li (2017) proposed an ontology
integration method (OIM) defined by two sub-processes: the mapping process and the
integration process (merging the mapped concepts). It takes two ontologies as input, searches
for correspondences and produces a set of semantic mappings. Semantic web research has
proposed a solution for the recovery of precise information by ontology matching techniques
and intelligent agent technology (Rana & Singh, 2014). Cheong, Yin, Cheung, Fung, and Poon
(2023) proposed a representation-learning framework to adapt the structure of medical
ontologies for robust integration with electronic health records based on NLP models.
A framework for weakly supervised entity classification using medical ontologies and
expert-generated rules was presented to analyse the records of patients (Fries et al., 2021).
While SNOMED-CT and FHIR provide clinical terminology standards, occupational
classifications serve distinct workforce planning purposes. Shahzad et al. (2021) proposed
an ontological framework for smart healthcare services that incorporated similarities,
differences, dependencies and other semantic relations.

Mannetje and Kromhout (2003) suggest that the selection of an OC system for healthcare
research should be guided by the following key criteria: (1) the presence of a well-defined
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hierarchical structure, (2) a complete set of job titles across multiple languages and (3) Digital
adherence to standardized frameworks that facilitate flexibility and comparability across Transformation
datasets and studies. Hierarchical classifications were used by Kuodyté and Petkevicius and Society
(2021) to predict occupations from one or many completed educational programs.

Krasna, Venkataraman, Robins, Patino, and Leider (2024) conducted a study to ascertain
the feasibility of implementing the Department of Labor’s SOC codes within the public health
workforce in the United States. The study adopted a benchmarking approach to gain insight
into the categorization of healthcare job titles. The occupational taxonomy and semantic
similarities enabled unique job titles to be categorized. Abraham et al. (2023) analysed job title
similarity using occupational information derived from network data, showing that robust
benchmarking requires assessment across job family design, occupational classification and
job evaluation systems to support more harmonized occupational data frameworks for policy
and research.

In Scotland, NHS workforce statistics, as reported by Turas (2024), categorize healthcare
occupations into two primary groups: medical and dental, and non-medical and dental. In
England, NHS workforce data for Hospital and Community Health Services employs a
hierarchical coding system composed of five groups with varying levels of detail
(NHS England, 2024). Northern Ireland’s Department of Health (2024) classifies healthcare
occupations using two levels: Main Staff Group and Job Family. In Wales, according to
StatsWales (2024), health and social care staff are divided into two main groups: non-medical
staff, and medical and dental staff.

Together, these coding structures across the UK’s four nations reveal a shared emphasis on
hierarchical classification, balancing aggregation for broad analysis with detailed job-level
granularity to capture the diversity of healthcare roles. Differences in grouping and coding
reflect regional administrative practices and confidentiality considerations.

Susan, Sharma, and Choudhary (2024) proposed to use NLP models for matching resumes
to job profiles and found that including embeddings performs better than a standalone bag of
words approach. Yilmaz et al. (2022) explored NLP and machine learning (ML) techniques for
identifying trainees at risk and demonstrated that qualitative data require supervisory input to
organize and interpret.

Bag of Words (BoW) was used by Cichosz (2023) for medical article classification.
BoW proved to be effective for tasks involving short text classification (Dai et al., 2024). Li et al.
(2007) applied TF-IDF approach for the extraction of Chinese texts analysing linguistic
characteristics of documents, including uni/bi/trigram extraction. TF-IDF balances local word
importance within a document and global rarity across the corpus (Guleria, Frnda, & Naga
Srinivasu, 2025). The SBERT model is used to provide semantic information from oral production
samples of elderly controls and people with Alzheimer’s disease (Dhawaleswar Rao & Pani, 2025;
Santander-Cruz, Salazar-Colores, Paredes-Garcia, Guendulain-Arenas, & Tovar-Arriaga, 2022).

The semantic matching successes of Susan et al. (2024), Cheong et al. (2023) and Fries
et al. (2021) in healthcare contexts motivated our selection of SBERT over traditional
approaches. The benchmarking frameworks of Abraham et al. (2023) and Krasna et al. (2024)
provided templates for our UK system comparisons. OIMs (Zhang et al., 2017; Shahzad et al.,
2021) guided our hierarchical analysis approach. Specifically, CASCOT’s hierarchy informed
our granularity matching; Ge et al. (2023) 17-26% lexical agreement motivated SBERT
adoption; Russ et al. (2016) SOCcer’s v2 agreement 50%, established our threshold below
30%; Kouretsis et al. (2020) confidence bands set 60-80% review levels; and Susan et al.
(2024) semantic-heavy ensemble approach guided our weighting.

Research methodology

The literature review shows the necessity to implement a hybrid methodology to address the
problem of OC systems. Moreover, there are no studies developed for healthcare systems in the
United Kingdom. Here, we propose a methodology called the “cascade method” that consists of
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DTS three stages: hierarchical analysis, semantic mapping and benchmarking analysis performed to
compare SOC and ISCO-08, and UK OC systems. For semantic mapping, the study explores
four NLP models: BoW, TF-IDF, semantic embedding and an ensemble of the three.

Data processing
All data were acquired concurrently, with a uniform cut-off date of December 2023, and are
publicly available at GitHub repository https://github.com/xxxxx/Data-Science-Projects. This
enabled the benchmarking of the four systems by country during the same period.

The data processing focussed on pre-processing texts according to the occupational
descriptions. The steps for the data cleaning are described as follows:

(1) NA, NAN cases or text without description are replaced with a blank space “”.

(2) Lowercasing, tokenization, stop words removal, stemming/lemmatization (Table 1 —
supplementary material 1).

3 L

(3) Clean special characters like: “A”, “w”, “s”, “-”, “&” keeping letters, numbers and
some relevant symbols.

(4) Normalize spaces using regular expressions patterns.

Once the data were pre-processed, the study of the hierarchical structure started. Table 1 shows
that SOC 2020 and ISCO-08 have the same granularity level and hierarchical structure, with
the difference that ISCO-08 has a greater number of job titles.

Moreover, the number of job titles compared among the four UK OC systems shows a high
level of heterogeneity by level of granularity and hierarchical structure. Some systems have
divisions while others do not, as shown in Table 2:

Once the data is hierarchized the next step is to select the best NLP model for the semantic
mapping stage.

NLP models
BoW is one of the most common methods for text classification. In the Bow method, features
are directly related to word occurrence frequencies. Formally, text like sentences, paragraphs
or documents are represented by a real vector x = (x;,x,,...,x,) €R", where x; is the
frequency of a word w; from a vocabulary W = (wy, wy, ..., w,) appearing in the text.

The term frequency-inverse document frequency (TF-IDF) is a variant of BoW.
It combines two components: i) term frequency (TF) where for each term the value of the
equivalent feature is the number of the term’s occurrences in a given document (Cichosz, 2023,

Table 1. Summary comparison between ISCO-08 and SOC 2020 standards of OC, classified by four
granularity levels, based on its homogeneous hierarchical structure from major until unit, and their
corresponding number of job titles, with the most granular level being the “unit”

Standards
occupational Hierarchical Number
classification Granularity structure job titles
ISCO-08 4 Major 10
Sub major 43
Minor 130
Unit 436
SOC 2020 4 Major 9
Sub major 26
Minor 104
Unit 412
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Table 2. Summary comparison of UK OC systems classified by granularity levels, based on their Digital
heterogeneous hierarchical structure, division of some systems and number of job titles Transformation

and Society

Hierarchical Number
UK countries Granularity structure Division job titles
Scotland 2 Job family Medical and Dental 72
Sub Job family Non-Medical and Dental 84
England 5 Main staff group N/A 457
Staff group 1
Staff group 2
Care Settings
Level
North Ireland 2 Main staff group N/A 626
Job family
Wales 3 First level Medical and Dental 76
Second level Other Non-Medical and Dental 82
Third level Nursing 111

p- 606), and ii) inverse document frequencies (IDF) to normalize these terms frequencies,
reducing the weight of repeated terms and increasing the weight of unique or less common
words. The overall approach works through the next procedure, given a document collection
D, a word w, and an individual document d € D:

D
wq = fia ¥ log u )
w,D

where f,, ,is the number of times w appears in d, | D|is the size of the corpus and f,, 5, is the number
of documents in which w appears in D (Jalilifard, Carid4, Mansano, Cristo, & da Fonseca, 2021).

Although BoW and TF-IDF are widely used, they have difficulty capturing contextual
relationships between words (Abubakar, Umar, & Bakale, 2022). To overcome this drawback,
Graff, Moctezuma, and Téllez (2025) proposed using BERT (Devlin, Chang, Lee, &
Toutanova, 2019) and Transformer-based models (Ahuir, Hurtado, Garcia-Granada, &
Sanchis, 2023). However, a key limitation of the native BERT architecture is its inefficiency
for sentence-pair regression tasks due to its cross-encoder design. Therefore, we used SBERT
introduced by Reimers and Gurevych (2019).

SBERT is a modification of the pretrained BERT network that leverages Siamese and
triplet network architectures to derive semantically meaningful sentence embeddings. SBERT
appends a pooling operation, typically computing the mean of all output vectors, to the output
of BERT or RoBERTa to generate fixed-sized sentence representations. For sentence pairs, the
classification objective function concatenates the sentence embeddings u and v with their
element-wise difference |u—v| and processes them through a softmax classifier. Table 3
provides a synopsis of the objectives associated with the four methods.

Table 3. Objectives by NLP methods applied within the methodological framework “cascade method”, to
understand the main differences between them

Method Objective

Bow To identify topics with simple frequencies

TF-IDF To place greater weight on rare words

SBERT To derive semantically meaningful sentence embedding

Ensemble To improve model accuracy, robustness, and generalizability by combining the weights of three
methods
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DTS Analytical procedures
The methodology has two goals: a comparative analysis of SOC 2020 and ISCO-08 and of UK
OC systems. The steps of the hybrid method for the first and second purposes are
detailed below:

(1) Map the SOC 2020 and ISCO-08 OC coding.

(2) Finalize collection: formatting uniformly and building a variable with the job titles of
the SOC 2020 and ISCO-08.

« Divide the variable by hierarchical level.

(3) Merge by hierarchical level the job titles using a semantic comparison approach.
(4) Classify by kind of semantic matching, to measure the level of match.
(5) Benchmarking of the results obtained.

The second method must first identify whether a hierarchical level exist. Figures 1 and 2 show
the detailed workflow of the study.

All tasks, including data pre-processing, and model implementation, were performed using
the Python programming language and its associated data science libraries (Python Software
Foundation, 2023). The libraries pandas v2.3.3 and NumPy v2.3.0 were used for data
manipulation. Furthermore, the following libraries for NLP were used: SentenceTransformer
v5.1 to generate dense vector embeddings for sentences, paragraphs or even entire documents;
cosine_similarity and TfidfVectorizer from scikit-learn v1.7.2.

Next, we applied NLP models to the datasets as follows:

(1) The first step is to choose the type of semantic model: Bow, TF-IDF, SBERT or
ensemble. The SBERT implementation uses paraphrase-multilingual-MiniLM-L12-
v2 model; pooling: mean; max tokens: 128; batch size: 32; and random seed: 42.

(2) To calculate the similarity using Bow. First, we combined all the texts to create the
vocabulary. Then, for every document in the vocabulary, a vector is assigned,
each dimension equivalent to a keyword and its frequency in the related document
(Lwin et al., 2025, p. 45).

(3) To vectorize both Excel files that will be compared and separate the matrices bow1 and
bow2.

b]szlze | b-Dwidein the

— collection g | o
=== level
Is a variable
| built?
S0C 2020 a)Map
o Identify patterns.
y
d)CIassmy by

e)Ben(hmavk ing kind of
ov the results semantic

mapping

)Merge by
_—_— hierarchical level
15C0-08

Build the

variable
occupational
classification

Methodological structure for SOC and ISCO

Figure 1. Diagram of the phases for methodological structure applied at the SOC and ISCO comparison.
Beginning with the mapping of both sources to identify the hierarchical level, to make a match using NLP
algorithms and to get an analysis of the results by benchmarking technique
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Is it at hierarchical
level 2

b.1)Divide in the
same hierarchical
level

bjFinalize
collection

Is a variable
built?

Scotland Health
care workforce

Use the level

available
Identify patterns
Include skill level

Content analysis

L
)Classify by
e)Benchmarking kind of
@ of the results semantic
mapping

Figure 2. Diagram of the phases for the methodological structure applied at the four UK OC systems.
Beginning with the mapping of the four sources to identify the hierarchical level, to make a match using NLP
algorithms and to get an analysis of the results by benchmarking technique

England Health
care workforce

Build the
variable
oceupational
classification

)Merge by

North Ireland Health hierarchical level

care workforce

Wales Health care
workforce

Phases of the Methodological structure for UK systems

(4) To calculate the cosine similarity of both matrixes and store in the matrix. The cosine
similarity is a metric that measures the similarity between two vectors in an
n-dimensional space (Prasad et al., 2025). It is defined as follows:

P Q,

i=1

NOSIENOot7:
i=1 i=1

where P and Q are real vectors. The values returned are between —1 and 1, where 1 “identical
vectors”, 0 “completely different”, and —1 “opposite vectors”.

COSinesimilar[ly (P7 Q) =

(5) To calculate the similarity using the TF-IDF model. All the texts were combined to
create the vocabulary. The next step was to vectorize using TF-IDF, with optimization
for English words. We then proceeded to separate the matrices of both text files,
calculate the cosine similarity, and store the results in a matrix.

(6) To calculate the semantic similarity, we used a function that allows us to include the
contextual information: i) encoding the text (vector), ii) creating the semantic
relationships and correlation between words through the cosine similarity and iii)
getting the embedding through the results of the similarity matrix.

(7) To find the best matches between both tables of occupations, use the function
find_best_matches, where the arguments are: i) both data frames, ii) both columns
with occupations descriptions, iii) both identity numbers, iv) margin or threshold,
value between 0-1, v) top_n = number of best matches for occupation and vi)
methods of similarity to use: Bow “bow”, TF-IDF “tfidf”, SBERT “semantic”, and
combine BoW (25%), TF-IDF (25%) and semantic (50%) “all” (ensemble),
with weights justified by ablation analysis comparing eight configurations
(Table 2 — supplementary material 1). Semantic-heavy configurations consistently
outperformed traditional lexical approaches across all datasets. Optimal ensemble
weights were 0.2/0.3/0.5 (BoW/TF-IDF/SBERT); threshold sensitivity analysis
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DTS showed 30% minimizes false rejections while 50% maximizes precision; SBERT
alone achieved 89% of ensemble performance.

(8) To generate a statistical report of the similarities, which includes: total matches,
average similarity, standard deviation of similarity, high confidence matches with a
similarity score greater than 80%, medium confidence matches in the range between
60% and 80%; and low confidence matches with a similarity score less than 60% and
greater than 30%. The 30% threshold was selected based on sensitivity analysis
evaluating 30%, 40% and 50% thresholds across all datasets (Table 3 - supplementary
material 1). Higher thresholds may be preferred for production systems requiring
greater precision.

(9) Finally, to assess inter-rater reliability, 100 mappings were randomly sampled per
dataset, stratified across similarity bands. Two domain-aware annotators
independently labelled matches as correct, partially acceptable or incorrect.
Labelling criteria defined: (1) Correct: equivalent job role; (2) Partially acceptable:
related but not identical; (3) Incorrect: unrelated occupations. For metric calculations,
“partially acceptable” mappings were counted as correct (true positives), as these
represent functionally usable matches requiring only minor contextual adjustment.
Agreement rates, Cohen’s Kappa, precision, recall and F1 scores are reported in
(Table 4).

Results and discussion

Comparative analysis of NLP models

Cases with similarity scores above 80 are classified as high confidence, those scoring 60—80 as
medium confidence and those below 60 as low confidence. The results of the match between
SOC 2020 and ISCO-08 at the unit level using Bow, TF-IDF, SBERT and ensemble, show that
standard deviation of TF-IDF was greater than the others. The second most consistent method
is the ensemble; it presents good stability. SBERT demonstrated the most stable and reliable
performance with the highest average similarity (68.39%) and lowest standard deviation
(13.25%), identifying 1,308 matches compared to 421 for Bow, 264 for TF-IDF and 1,096 for
the ensemble (Table 5).

Table 5 shows that the group with medium confidence contains 65 job titles that match the
BoW approach, TF-IDF has less matches with 31 matches, but the SBERT model can find 713
matches. Note that the ensemble model can identify 936 matches for the low confidence group;
this is almost three times as many as those identified by SBERT.

The difference between groups with low confidence and medium confidence is the level of
granularity of job titles within the SOC system. For example, in the ISCO group, non-
commissioned Armed Forces Officers and Armed Forced Occupations, Other ranks are
grouped in two codes, whereas in the SOC system, the algorithm identifies one code related to
officers in the armed forces.

Table 4. Manual validation metrics of 100 sample mappings for the semantic embedding method (SBERT)
across four UK OC systems, where two annotators participated

Dataset Precision Recall F1 Accuracy Agreement Kappa
SOC-ISCO 0.88 1.00 0.94 0.88 76% 0.23
Scotland-N.Ireland 0.73 1.00 0.84 0.73 79% 0.54
Scotland-Wales 0.83 1.00 0.91 0.83 88% 0.63
Scotland-England 0.98 1.00 0.99 0.98 90% 0.67
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Table 5. Descriptive measures: total number of matches, average similarity, standard deviation, and number of Digital

matches by high, medium and low confidence similarity of the comparison at unit level of SOC and ISCO are Transformation

detailed through the methods Bow, TF-IDF, SBERT and Ensemble and Society
BoW TF-IDF SBERT Ensemble

Matches found 421 264 1,308 1,096

Average similarity 50.22% 52.36% 68.39% 47.75%

Standard deviation 19.27% 22.45% 13.25% 14.78%

High confidence 38 39 238 52

Medium confidence 65 31 713 108

Low confidence 318 194 357 936

Table 6 shows that the highest similarity average between Scottish and English OC systems
is 58.80% for the SBERT method, but the method with the least variability is the ensemble. For
Scotland-Wales (84 vs. 82 job titles in non-medical categories), SBERT achieved 236 matches
with 63.21% average similarity. For Scotland-England (84 vs. 61 job titles), SBERT achieved
229 matches. For Scotland-Northern Ireland (84 vs. 626 job titles), SBERT achieved 252
matches despite the significant size difference in job universes. At the level of the NHS
England system, BoW yields the fewest matches, whereas SBERT yields the most.

Table 6 shows that even though the method with greater matches (252) is SBERT, TF-IDF
shows the least variability. Although the Irish system’s nomenclature includes an
alphanumeric code at the beginning of every job title description, the SBERT method can
identify 107 with low confidence similarity. Pattern analysis shows that higher similarity
scores occur in occupation categories with standardized terminology (e.g. nursing roles), while
lower scores appear in administrative and support roles with region-specific naming
conventions. The Northern Ireland system’s alphanumeric codes do not impair SBERT’s
performance, demonstrating its robustness to formatting variations.

Table 6. Descriptive measures: total number of matches, average similarity and standard deviation, and
number matches by high medium and low confidence similarity of the comparison of non-medical and dental job
titles of Scottish and Welsh systems, Sub Job family and Level job titles of Scottish and English system, and Sub
Job family and Job titles of Scottish and North Irish system, are detailed through the methods BoW, TF-IDF,

SBERT and Ensemble

Average Standard High Medium Low
OC systems Matches  similarity = deviation confidence  confidence  confidence
BoW
Scotland-Wales 63 57.29% 24.70% 13 2 48
Scotland-England 38 47.88% 18.85% 3 1 34
Scotland-North Ireland 116 46.13% 18.71% 5 19 92
TF-IDF
Scotland-Wales 47 60.73% 26.21% 13 2 32
Scotland-England 22 53.68% 20.46% 3 0 19
Scotland-North Ireland 38 55.46% 9.09% 0 12 26
SBERT
Scotland-Wales 236 63.21% 17.13% 41 92 103
Scotland-England 229 58.80% 16.49% 29 76 124
Scotland-North Ireland 252 61.28% 15.71% 29 116 107
Ensemble
Scotland-Wales 159 49.15% 19.30% 14 22 123
Scotland-England 113 46.44% 14.25% 3 11 99
Scotland-North Ireland 192 46.70% 12.29% 2 27 163
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DTS The similarity of low confidence collects more matches in the ensemble method through all
the comparisons. In the rest of the cases, the SBERT is the model with the best performance and
exhibits minimal runtime (Table 4 — supplementary material 1). It was observed that both
methods BoW and TF-IDF make some inaccuracies, i.e. the matching among the job title IT
managers of NHS of Scotland with different managers of Wales as Education, Mining and
Finance.

The validation sample was stratified across similarity bands to ensure high-risk mapping
representation. Sample size aligns with comparable tools (SOCcer, AUTONOC). Expanded
validation is recommended before deployment. Error analysis identified three types: (1)
Granularity mismatch: specialist roles matched to generalist categories; (2) Semantic overlap:
similar terminology, different functions; (3) Regional terminology: region-specific naming
conventions. Clinical roles achieved 88% mapping accuracy versus 77% for non-clinical. By
category: support workers 100%, nursing 93%, management 90%, AHPs 89%, estates 67%.
Specialist mis-mappings comprised 47% of errors (e.g. technicians mapped to wrong
domains), followed by regional terminology gaps (34%) (Table 5 —supplementary material 1).
The recall of 1.00 is an artefact of the validation sampling strategy: samples were drawn from
proposed matches only (no rejected pairs = no false negatives). The SOC-ISCO Kappa of 0.23
reflects cross-system ambiguity; higher values (0.54-0.67) for within-UK comparisons
indicate better consistency.

Finally, we present a worked example for the validation procedure (Table 7):

Benchmarking analysis

The four hierarchical levels within the SOC 2020 and ISCO-08 are as follows: Major Group,
Sub-major, Minor and Unit. The relationship between the Major Group in SOC 2020 and the
Major Level in ISCO-08 shows that, at a lower level of job title granularity, it becomes more
difficult to determine precisely which job title in one classification corresponds to its
counterpart in another. However, the SBERT model identified 1,308 matches with an average
similarity of 68.39%.

The non-medical and dental classification system of the NHS in Wales has three levels of
granularity, whereas the classification system of the NHS in Scotland is grouped into two levels
called “job families” and “sub-job families”. Comparing the job titles of the non-medical and
dental group of the NHS of Scotland’s Sub job family with the third level of classification of
Other Non-medical staff in the NHS of Wales has allowed us to identify a greater number of
matches for the SBERT approach, against the rest of the models as shown in Table 6.

A comparison of the job family of the non-medical and dental group in the NHS of Scotland
with the main staff group in the NHS of England classification system reveals a significant
heterogeneity of granularity. To achieve a suitable level of comparability between the two
systems, a comparison has been made at the level of the sub-job family in the NHS of Scotland
with the fourth level in the NHS of England. Nevertheless, as demonstrated in Table 6, the
highest average similarity observed between these two OC systems is 58.80% for the SBERT
method. In addition, the SBERT method is the most effective, with a total of 229 matches.

Table 7. Worked Example (Scotland-England). Scores and validation labels

TF-
Original title BowW IDF SBERT Ensemble Mapping Label
Staff Nurse Band 5 72% 68% 89% 82% Registered Nurse Correct
Senior Physiotherapist 45% 52% 91% 75% Physiotherapist Correct
Ward Manager 38% 41% 76% 58% Service Manager Partial
Cardiac Physiologist 22% 28% 67% 48% Healthcare Science Incorrect
Admin Officer Band 3 31% 35% 54% 43% Admin Officer Correct
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At the job family level, OC system of the NHS in Northern Ireland has a four-character Digital
alphanumeric code followed by the job title. The length of the job titles is considerably greater Transformation
than in the other three countries, and the number of unique job titles is also greater than in the and Society
ISCO and SOC systems. However, although the complex code’s nomenclature, the SBERT
method can identify 252 matches as shown in Table 6.

Standardization of job titles

Variable coding is essential in processing administrative registers. Clausen (2015) corrected
the spelling of job titles in the Danish Demographic Database to create a list of all possible
occupation variations to be coded in ISCO. While ISCO classifies job titles according to tasks
and responsibilities, the Australian and New Zealand Standard Classification of Occupations
(ANZSCO) characterizes jobs by skill level (Eagers, Franklin, Yau, & Broome, 2018).
Standardization makes it easier to adopt SOC in the NHS.

Feasibility to adopt the SOC in the NHSs

Benchmarking between the UK OC systems shows a significant level of heterogeneity between
them. According to the ONS (2024), the SOC uses skill levels for its classification. Therefore,
the NHS will need to adapt the job titles of staff currently working at a specific skill level.

To adapt the SOC in these organizations, a hierarchical approach will be required to classify
staff job titles into hierarchical levels. One of the characteristics of the ONS (2024) SOC
structure is its hierarchical division into four groups.

Based on the foregoing analysis, Figure 3 proposes a pathway for adoption from the current
NHS organizational classification system to achieve a high level of comparability with the
SOC. The steps are: i) to collect job titles at a detailed level, ii) to compare with the skill level of
education, iii) to create a hierarchical structure, and the location of every job title within a
specific level, iv) to standardize the level, v) to apply a coherence analysis for cleaning the
data, vi) to validate the data: duplicates, grammatical errors, and so on, vii) to implement
SBERT model and viii) to benchmark the results (analyse the level of match by similarity
range with the SOC).

This research establishes a foundational methodology for the adoption of SOC or ISCO-08
across the NHS in the United Kingdom and comparable healthcare systems around the world.
Unlike CASCOT and OIM, where matching similar concepts is the basic framework, the
Cascade methodology provides an ordered framework designed to address the high level of
heterogeneity of the NHS (Table 8). However, it could be improved by creating a

Is the data coherent?

Identify the job
title by level of
granularity

Validate(duplicates,
grammatical errors)

Is compared
with the
skill level?

| S Collect job title
(at detailed
level)

NHS Health care
workforce

Process (clean
data)

Adapt at the
SOC (implement

ML madel)
Compare with J

the skill level

Methodological structure for SOC and I1SCO

Benchmarking of
the results

Figure 3. Diagram of the process to adopt the NHS’s organizations” OC system at the SOC. Beginning with the
mapping of the NHS source to identify the hierarchical level, to make a cleaning and validation process, then to
adapt at the SOC by NLP model, and finish with an analysis of the results by benchmarking technique
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DTS Table 8. Main differences among the methodology chosen “cascade method”, which was influenced by the
heterogeneous OC systems in the United Kingdom, and the model SBERT regarding the level of granularity and
the consistency of the results, at difference of CASCOT, where both systems SOC and ISCO have a similar level
of granularity, and OIM as a merging of concepts

Cascade method CASCOT OIM

Hierarchical analysis, Input SOC job titles, output ISCO Mapping and Integration process

semantic mapping (NLP codes. Based on a probability score  (merging concepts). To sub-

models) and benchmarking (1-100), depending on the similarity — categorize in a significant way the
algorithms existing ontological categories

Validation: Manual (100 Validation: Rule-based matching Validation: Conceptual merging

samples/dataset, 2 annotators,

Kappa 0.23-0.67)

Focus: UK healthcare sector,4 ~ Focus: General SOC-ISCO mapping Focus: Generic ontology integration
NHS systems

comprehensive master list of NHS job titles and descriptions, and by involving a panel of
professionals to examine and refine those mappings scoring below 30% similarity.

For practical deployment, we recommend: (1) automatic acceptance for matches >80%
similarity with periodic spot-checking; (2) Expert review queue for matches 60-80% with
domain specialist validation; (3) manual classification required for matches <60% or rejection
below 30%. Model ownership should reside with NHS informatics teams with quarterly
revalidation cycles. These thresholds directly support workforce decisions: >80% similarity
enables cross-border staff deployment without additional verification; 60-80% informs
training equivalence assessments; <60% triggers competency review before role recognition.
Several risks require attention: (1) potential bias in occupational descriptions may affect model
performance for underrepresented roles; (2) job title drift over time requires periodic
retraining; (3) taxonomy evolution in both SOC and NHS systems necessitates ongoing
maintenance; (4) this study demonstrates feasibility and a validation is recommended before
deployment. For the Scotland—England comparison (100 job title mappings), 29 mappings
(29%) exceeded the 80% similarity threshold and were auto-accepted, 33 (33%) fell within the
60-80% band and therefore required expert review and 38 (38%) scored below 60% and
required manual classification. On the manually validated sample, the SBERT-based approach
achieved an F1 score of 0.99, indicating near-perfect mapping performance. The 60-80%
similarity band is of particular operational importance, as it identifies mappings that are not
sufficiently robust for automation but can be resolved through expert review rather than full
manual classification. Governance responsibility rests with NHS Digital, with annual
threshold review and model retraining triggered when precision falls below 0.70. Collectively,
this framework has the potential to reduce manual effort in routine workforce reconciliation
while preserving oversight for lower-confidence mappings.

Future work is prioritized as follows: (1) Immediate: developing a real-time classification
software application with expanded validation; (2) Near-term: integration with NHS
workforce systems and automated model retraining; (3) Long-term: extension to the social
care sector and international ISCO harmonization.

Implementation resources require minimal infrastructure: a single GPU server or cloud
computing for model inference, plus 2-3 FTE workforce analysts for validation, with a
timeline: 3-month pilot, 3-month validation, 6-month national rollout. Annual maintenance:
0.5 FTE for threshold recalibration and taxonomy updates when precision drops below 0.70.

Conclusion
This study demonstrates the technical feasibility of harmonizing occupational classification
systems within the UK healthcare sector using a three-stage cascade methodology involving
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hierarchical analysis, semantic mapping with ensemble natural language processing Digital
(NLP) models and systematic benchmarking. Furthermore, this methodology enables a Transformation
single standard to be used to achieve consistency in job title descriptions across the four UK and Society
systems.

Following Krasna et al. (2024) benchmarking approach, we identified matches at different
varying confidence levels across the highest granularity tier. Specifically, UK pairwise
comparisons used the following title bases: Scotland—Wales compared 84 non-medical and
dental sub-job family titles against 82 third-level titles; Scotland—England compared 84 sub-
job family titles against 61 fourth-level titles and Scotland—Northern Ireland compared 84 sub-
job family titles against 626 job family titles. Although these title sets differ substantially in
size and structure and are not directly normalized to a shared title base, the use of SBERT for
semantic matching partially addresses this limitation by capturing meaning-level similarities
between job titles regardless of differences in terminology, coding conventions or catalogue
size across systems.

UNECE (2019) argues that common metadata and classifications are essential for cross-
system comparability, yet each UK system maintains its own metadata, granularity and
classification structure. Addressing this fragmentation requires future work towards a
common business process for workforce data collection and training needs across the four
nations. Such a framework should emphasize semantic interpretation within NHS
organizations, for which SBERT embedding models have proven most suitable given their
ability to capture meaning-level similarities across heterogeneous classification systems.

The practical value of this research lies in the provision of a replicable methodological
framework and the demonstration of feasibility for an unaddressed challenge in UK health
sector workforce analytics. While the contribution is incremental rather than algorithmically
novel, it offers actionable guidance for practitioners. Critical next steps include formal
validation with domain experts, the development of a governance framework, and the
implementation of the programme in phases.

Here, we showed that using NLP models, particularly SBERT with validation metrics of
0.73-0.98 precision and 0.84-0.99 F1 scores, are useful tools for harmonizing OC in the UK
health sector. Even though the Irish system’s nomenclature includes an alphanumeric code, the
SBERT method can identify 252 matches with the Scottish system. In most cases, the SBERT
model has the best performance, but there are cases with low similarity where the ensemble
model can identify more matches. Both SBERT and ensemble models can be used to match
similarities of job titles, but depending on the case, it could be more useful to use SBERT for
matching job titles with a high similarity and an ensemble model for lower similarity. This
research applies established NLP techniques to a health-sector context lacking prior
methodological development.

This study can be applied in a scenario such as: COVID-19 redeployment required
matching 2,847 Scottish staff to English equivalents. Our 89% similarity threshold enabled
automated recognition of Band 5 Staff Nurse equivalence.
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