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Abstract

It is estimated that the bulk of today’s data is unstructured. This so-called Big Data contains

huge amounts of information relevant to statistical institutes such as Statistics Netherlands

(SN). Text documents posted on websites is one such category. Deriving information from texts

is challenging. The data does not have a pre-defined datamodel andmight be noisy. Traditional

statistical techniques, used at statistical institutes, are therefore ill suited to analyse such data.

In the recent years, great strides forward have been made with dealing with this type of data,

most notably in the field of data mining, natural language processing (NLP) and text analytics.

In this paper, we propose a novel algorithmWordGraph2Vec (WG2Vec) to analyse unstructured

text data. The proposed algorithm combines two aspects of NLP: so called word graphs and

word embeddings. First, Word graphs are used to dissect and understand a text on a grammat-

ical level, i.e., what is the role of words and how do they link to each other? As a next step the

semantics for a word graph are obtained using wordembeddings models, such as Word2Vec.

Words and phrases will be converted into a vector of numbers, where the semantic meaning is

captured in the numerical vector (i.e., the phrases with vectors in close proximity to each other

hold the same semantic meaning). These two steps are at the core of WG2Vec.

We present experimental results that show that WG2Vec outperforms a straightforward ex-

tension of Word2Vec in a labour market-use case. In this use-case, we match skills obtained

from vacancy texts with validated skills in an expert system. We compare the matches from ei-

ther algorithmwith expert annotationsmade by the Dutch Employee Insurance Agency (UWV).

This use-case is part of the CBS contribution to an Interreg project called ’Werkinzicht’. In this

project, CBS works together with UWV and VDAB to generate cross-border insights about the

Labour market.

The goal of this particular use-case is to analyse Big Data texts (such as online vacancies) to sup-

port the UWV in efficiently maintaining their expert system (a labour market ontology of jobs

and connected skills). Themaintenance of this expert system basically consists of two tasks, (1)

finding synonyms for existing skills in online texts, and (2) finding new skills and jobs currently

absent in the ontology. This up-to-date system creates an ‘universal language of jobs and skills’,

which is relevant for both UWV and SN. For UWV, this allows them to efficiently match supply

and demand on the granular level of skills. SN, on the other hand, can compute (timely) de-

mand for specific skills and (potentially future) jobs. Combining this timely and detailed view

of the labour market with the already existing register data at SN, can potentially provide com-

plete new insights and statistics for a rapidly developing labour market. The recent COVID-19

crisis, and it’s expected impact on the labour market, has made the need for new data sources

to create rapidly available statistics to match offer and demand even more relevant.
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1 Introduction

It is estimated that the bulk of today’s data is unstructured. Crude estimates are that 80 to

90 percent of today’s data is text-based. Some seminal examples are the texts on web pages

(such as Wikipedia), tweets, google queries and people’s social media content. This Big Data

contains vast amounts of information (see Gentzkow, 2019) relevant to statistical institutes,

such as Statistics Netherlands (SN). However, deriving information from texts is challenging.

The data do not follow a pre-defined data model and thus contains information that can not

be easily extracted. Traditional statistical techniques, typically used at statistical institutes, are

therefore not particularly suited to analyse such data. Fortunately, developments have been

made with dealing with this type of data, most notably in the field of data mining, natural

language processing (NLP) and text analytics. Many different methods have been developed to

find patterns in text, interpret the patterns and finally extract information from them. In this

paper, twomethods are of importance, namely part-of-speech tagging in languagemodels and

wordembeddings.

Part-of-speech tagging is the process of marking up a word in a text (corpus) as corresponding

to a particular part of speech, based on both its definition and its relationshipwith adjacent and

related words in a text (Cutting et al., 1992). Creating a part-of-speech tagger (POS) requires

extensive domain expertise, as for example one must study the properties of each language

so as to build linguistic resources, select appropriate features, configure parameters and set

exceptions in the POS system. As with any system that relies on domain expertise, maintaining

it can be time consuming and the quality may be negatively affected by biases of the human

domain experts. Also, a grammatical understanding of text does not imply that we can derive

the text’s subject. In other words, the semantics are still unknown.

A fundamentally different approach, one that does capture semantic meanings of words or

texts (and does not require any form of domain expertise in the process), are the wordem-

beddings algorithms. This purely data-driven approach use supervised machine learning to

represent words as vectors. The semantic meaning of words is found by analyzing words sur-

rounding the target word. Put differently, the vector of the words “man” and “woman” are

closer to one another compared to “man” and “cat” (and this is derived from the context of

these words). Wordembeddings require huge amounts of data, and may also contain biases,

but these models have shown great impact on the natural language processing community.

Fully automated process of wordembeddings has two advantages: 1) Since language is contin-

uously developing it is key to remain up to date, by creating an automated process remaining

up to date requires little effort; 2) there is no expert bias. However, there is still great value

in using the information extracted by language models. In this paper, we propose a new al-

gorithmWordGraph2Vec (WG2Vec) that combines the best of both worlds. The grammatical

understanding of texts given by POS systems is used to extract relevant parts in a text, that we

call WordGraphs (essentially combination of connected words). As a next step the semantics

are obtained by transforming WordGraphs to vectors using wordembeddings models.

In this paper we present results where the WG2Vec algorithm outperforms an extension of

Word2Vec. The experiments involve a labour market use-case, where wematch skills obtained

from vacancy texts with validated skills in an expert system and compare the matches from ei-

ther algorithmwith expert annotationsmade by the Dutch Employee Insurance Agency (UWV).

This use-case is part of the CBS contribution to an Interreg project called ’Werkinzicht’. In this
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project, CBS works together with UWV and VDAB to generate cross-border insights about the

Labour market. We will detail the outline of the remainder of this paper in the next section.

1.1 Outline of paper

In section 2, we discuss related work on techniques of natural language processing (NLP) mod-

els that can deal with unstructured text. We will also focus on the family of machine learning

(ML) algorithms that produce word or sentence embeddings. These algorithms convert text

to numbers, thereby modelling the meaning of the words. Next, we will briefly discuss NLP

that can be used for various applications, e.g., part-of-speech tagging and text tokenization. In

addition, some advanced ML and/or NLP models are discussed. In section 3 all steps involved

in our novel WordGraph2vec (WG2Vec) algorithm are explained in detail and we explain how

it differs from the above algorithms. Next, in section 4 we introduce a labour market use-case

and evaluate WG2Vec against a competing algorithm for this use-case. We will discuss our ex-

perimental methodology and the experimental results. Finally, in section 5 we conclude and

propose directions for future work.

2 RelatedWork

In texts it is often of interest to figure out the semantic relation between the words, i.e., what is

being done and on what subject. This semantic relation can be extracted through dependency

parsing. Dependency parsing is the task of analyzing the grammatical structure of a sentence

and establishing the relationships between word. This can be done by either using supervised

(Kiperwasser and Goldberg, 2016) or unsupervised (Headden III et al., 2009) machine learning.

A different approach are the so called wordembedding models (Mikolov et al., 2013; Penning-

ton et al., 2014). With wordembeddings, similar words are placed in close proximity in a vector

space. Thesemodels are trained by using a bag-of-words approach, so their order and function

in the sentence is not taken into account. We will describe these models in more detail below,

explain their relevance to our specific use-case, and finally explain how our novel algorithm

WordGraph2Vec combines the two models.

2.1 Word2vec

Word2vec is a one-hidden-layer neural network that processes text by “vectoring” words. Its

input is a text corpus and its output is a set of numerical vectors, one for each word in the text

corpus. For example, a trained Word2Vec model may represent the word “man” as follows:

�2.2915103 3.7818744 −1.7644048 ... −0.9715823 −1.2458154 −4.5027633�

The vectors we use to represent words are called neural word embeddings. Why would we

want to represent a word as a series of numbers? The purpose and usefulness of Word2vec

is that it groups vectors of (semantically) similar words together in a vector space. In other

words, it detects similarities between words mathematically, and does so fully automatically

(without human intervention and without domain knowledge). Given enough data Word2vec
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2.1 A two-dimensional plot of theword vectors of thewords ‘man’,
‘woman’, ‘king’ and ‘queen’. The figure intuitively shows the association
between thesewords and even allows for calculations (e.g., king -man
+woman=queen.

can be used to establish a word’s association with other words (e.g. “man” is to “king” what

“woman” is to “queen”, see Figure 2.1), or cluster sentences or documents and classify them

by topic.

The output of theWord2vec neural net is a vocabulary in which each item has a vector attached

to it. Similarity between vectors can be measured with the cosine similarity: vectors with a 90

degree angle have no similarity (i.e., a similarity value of 0), while a 0 degree angle corresponds

to total similarity (i.e., a similarity value of 1). In Figure 2.2 we can find the most similar words

according to the cosine similarity for the words “man” and “cat”. As expected, “woman” ranks

highest compared to “man”, in other words, their vectors are most similar in terms of cosine

similarity. This again shows that similarities were established based on the semantics and not

based on a string metric, such as the Levenshtein distance. This is useful for matching seman-

tically equivalent sentences, for example when comparing descriptions of skills, which is the

focus in our labour market use-case.

Word2vec is similar to an auto-encoder, it encodes each word in a vector by training the word

against the neighbouring words in the document corpus, i.e., its context. It does so in one of

2.2 Similarwords for twodifferentwords using a vanillaword2vecmodel
trained on an English based text corpus.
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two ways, either using context to predict a target word (a method known as continuous bag of

words, or CBOW), or using a word to predict a target context, which is called skip-gram. The

top of Figure 2.3 illustrates how a word2vec dataset might look like, for either training mode.

The data consists of tuples of word and it’s context, i.e., words surrounding the word.

In the remainder of this paper - and in our project - we focus on the skip-gram variant (see

Figure 2.3). As mentioned before, the input of skip-gram is one word and the learning task is

to best predict the context. The input word is represented as a vector using one-hot vector

encoding. This vector contains exactly one element per distinct word in the text corpus. All

but one element are labeled as ‘0’. Only the element that corresponds to our input word is

labeled ‘1’ (as for example, see the left-hand side of Figure 2.3). The input vector is given to a

neural network with a single hidden layer. The output of the network is a single vector (of the

same size of the input vector) containing, for every word in our vocabulary, the probability that

this word was used nearby our input word. Our final word embedding is stored in the hidden

layer. We can extract per word its n-dimensional vector (in our example, the network consisted

of 300 hidden neurons) via matrix computations. A well trained set of word vectors will place

(semantically) similar words close to each other in that space, as we already saw in Figure 2.1.

2.2 Paragraph2Vec

A drawback of Word2vec, like many machine learning approaches, is that it can not deal with

input of varying length. They require the input to be represented as a fixed-length feature

vector. In many use-cases, andmost certainly in our labour market use-case, our input data are

sentences, possibly even complete documents. When it comes to larger texts, one of the most

common fixed-length approaches is bag-of-words (BOW). BOW has twomajor weaknesses: (1)

it loses the ordering of the words and (2) ignores the semantics of words. Word2vec, on the

other hand, captures semantic similarities but can only do so for words.

A simple approach to extend Word2vec to full texts is using a weighted average or concate-

nation of all the words in the document. In the remainder of this paper, we refer to this

as Avg-Word2vec. However, this also loses the word order in the same way as the standard

bag-of-words models do. Le and Mikolov, 2014 proposed the Paragraph Vector algorithm, an

unsupervised algorithm that learns fixed-length feature representations from variable-length

pieces of texts, such as sentences, paragraphs, and documents. This is achieved by extend-

ing Word2vec by training both word- as well as paragraph vectors. The paragraph vectors are

unique among paragraphs, the word vectors are shared. Word vectors are trained as was de-

scribed in Section 3. The paragraph vector are concatenated or averaged word vectors. At

prediction time, the paragraph vectors are inferred by fixing the word vectors and training the

new paragraph vector until convergence. More specifically, every paragraph is mapped to a

unique vector, represented by a column in matrix D and every word is also mapped to a unique

vector, represented by a column in matrixW (see Figure 2.4). The paragraph vector and word

vectors are averaged or concatenated to predict the next word in a context. The paragraph vec-

tor is shared across all contexts generated from the same paragraph but not across paragraphs.

The word vector matrix W, however, is shared across paragraphs. i.e., the word vectors are the

same for all paragraphs.
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2.3 Languagemodels

Another method for comparing texts is by using language models. A language model is a set

of techniques that focus almost exclusively on one language. Using these models it is pos-

sible to derive the root of a verb (stemming/lemmatisation) and whether a word is a noun

(part-of-speech tagging). Almost every language has its own grammar and spelling rules and

a language model therefore needs to fit these specific rules if it is to search for certain con-

structs. A language model comprises multiple techniques for a singular language and can be

used for a variety of goals, however for our research we are only interested in Part-Of-Speech

tagging (POS-tagging) and dependency parsing. POS-tagging is a technique where each word

is assigned a category. These categories consist of nouns, verbs, adjectives, conjunctions etc.

This task of classifying words into categories is not trivial. Some of the categories are infinitely

large and some have overlap in the words that can occur. An example of this is with nouns and

verbs: both groups are infinitely large and can overlap. The word ‘object’ can be both a noun

‘I hold the object in my hand.’ and a verb ‘I object to his statement.’. These problems make it

difficult to correctly classify all words in a text. The goal behind dependency parsing is to link

all items in a text. These links give additional information on what the sentence is describing.

For example the sentence ‘The yellow ball is rolling.’. In this sentence ‘yellow’ (an adjective)

gives information about the ‘ball’ and the verb ‘is’ refers to the subject ‘the yellow ball’. Many

dependency parsers use POS-tagging (Buchholz and Marsi, 2006) and as such might struggle if

tagging is done wrong. Just as misspelled words might get a wrong POS-tag, a sentence that

does not follow grammar might be given wrong dependencies.

In the next section, we will describe our technique that uses both wordembeddings and infor-

mation obtained from language models. The combination of both methods is novel. We will

also explain where our algorithm differs from the above described approaches.
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2.3 On the topwe find an example dataset for theword2vecmodels,
consisting of tuples {currentword, context},where one can choose if
the currentword is used as input or as target prediction (and vice versa
for the context). Below that,we find the “skip-gram”model that is used
in the current research.

2.4 A framework for learning paragraph vectors, taken fromLe and
Mikolov, 2014. A similar learning approach compared toWord2vec, but
an additional paragraph vector is learned to dealwithmultiplewords.
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3 WordGraph2Vec

In this section, wewill propose a novel algorithm,WordGraph2Vec (WG2Vec). It was developed

to detect similarity in text information and combines elements from the techniques discussed

in the previous section. The first component is wordembeddings, familiar to Word2Vec. It

translates words into vectors, so that semantic similarities between words can be measured

mathematically. The other component is the language model, which contains (domain) knowl-

edge and is applied to extract sets of words from sentences with certain syntactical functions,

like the verb(s) and object(s) of a sentence. Only words that are expected to carry relevant

information are kept. These words and the relationship between them can be expressed in a

word graph.

OurWordGraph2Vec algorithm combines the two components, words graphs andwordembed-

ding. It detects similarity in text information by joining a syntactical understanding of sentences

with a semantic representation of words.

We will discuss all steps involved in WG2Vec in the following sections.

3.1 Understanding a sentence

Sentences can be noisy, complex constructs. They may contain boilerplate text, which may not

give very insightful information about the meaning. Furthermore, people might concatenate

sentences, as for example:

– “You drive big trucks and cars.”

The problem with this sentence is in the number of combinations that can arise from these

sentences. The example shown above has two different pieces of information. Each of these

pieces requires a separate analysis to find the best match.

For this reason, WG2Vec first pre-processes sentences and splits them into elementary parts.

This is done based on a rule-based logic that uses information provided by the languagemodel.

The sentence mentioned before could be split into multiple parts:

– “You drive big trucks.”

– “You drive big cars.”

These elementary pieces of information can be further analysed to better understand their

meaning. Techniques such as Paragraph2vec will incorporate boilerplate text in their learned

sentence embedding. We hypothesise that better results are obtained once we exclude them.

However, pinpointing the relevant parts of a sentence is not an easy task. WG2Vec uses part-

of-speech tagging with dependency parsing provided by language models to identify relevant

parts in the pre-processed texts. We refer to these parts as word graphs in the remainder of

this paper.

Let us give three examples of word graphs that were tailored to the labour market use-case.

We are particularly interested in which skills people have. Therefore, we defined an Activity

word graph. A set of two words is an Activity if and only if a VERB refers to a NOUN, return

“VERB NOUN”. The activities in our example sentence are (see Image 3.1):
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3.1 A languagemodel provides additional details onwords, such as their
word type (e.g., noun, adjective etc.) and their dependency to other
words. WG2Vec uses this information to extract relevant parts from
sentences.

– “drive (VERB) trucks (NOUN)”

– “drive (VERB) cars (NOUN)”

Within this activity, we may believe that the noun may hold more or less relevance compared

to the verb. For that reason we explicitly also define a Leading word graph. So in our example

sentence, both ”trucks” and ”cars” are Leading word graphs.

Finally, we might loose specific information when we only focus on VERB related information

stated above. When the author of a text gave more information on a specific noun, he or she

did so with a reason. To incorporate this, we introduced a Specific word graph.

A set of two words is a Specific if and only if an ADJECTIVE refers to a NOUN, return only the

“ADJECTIVE NOUN”. If a group of ADJECTIVES refer to the same NOUN, each ADJECTIVE gets a

separate Specific word graph. In our example sentence, this yields into the following specifics:

– “big (ADJECTIVE) trucks (NOUN)”

– “big (ADJECTIVE) cars (NOUN)”

It is not always the case that these parts are found in sentences. As a fallback we also include

take single nouns and verbs into account. All these parts are taken into account when repre-

senting the text in vector space, as will be described in the next Section.

3.2 Representing a sentence as a vector

In the next step, we convert the word graphs to a vector (i.e., sentence embedding). At the

source of this is Word2vec, that produces the wordembeddings. Sentence embeddings in

WG2Vec are constructed by appending the wordembeddings. Let us illustrate, we have a word

graph of two words 𝑤1 and 𝑤2, with each two vectors of length 300.

𝑤1 = {𝑎1, 𝑎2, 𝑎3, .., 𝑎298, 𝑎299, 𝑎300}

𝑤2 = {𝑏1, 𝑏2, 𝑏3, .., 𝑏298, 𝑏299, 𝑏300}
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WG2Vec then constructs a new sentence embedding by appending the two word embeddings,

as opposed to the Paragraph2Vec algorithmwhich concatenates or averages them (see Section

2). More specifically, the sentence embedding for this word graph 𝑛𝑝1 is now of length 600:

𝑛𝑝1 = {𝑎1, 𝑎2, 𝑎3, ..., 𝑎298, 𝑎299, 𝑎300, 𝑏1, 𝑏2, 𝑏3, .., 𝑏298, 𝑏299, 𝑏300}

This is an example for a two-word word graph. In the case of a single word, obviously, the

Word2vec embedding is used. Generally speaking, the length of the sentence embedding is a

multiple of the number of hidden neurons chosen for Word2vec.

3.3 Defining sentence similarity usingWordGraph2Vec

The previous section illustrates how texts are transformed into a numeric vector by WG2Vec.

The varying length of the vectors require a different approach when comparing them to each

other (to determine semantic similarity). Let us now describe a similarity function that can deal

with the proposed (variable length) word graphs. One such similarity function for WG2Vec is

denoted in Algorithm 1. This algorithm takes two (simplified) sentences as a input that will

be transformed into word graphs, as was described in Section 3.1. In the pseudo-code this is

done in lines 4 and 5. The word-graph-type gives the type of the word graph, such as specific

or leading.

Similarity is then based on exact (textual) matches of parts, with the so-called overlap score

(see lines 6 and 7), as well as semantic similarity on different parts with the difference score

(see lines 8 to 17).

Different elements are vectorized as was described in 3.2. Cosine similarity gives the similarity

(see line 15) for word graphs of the same type (and therefore of same length). Note that, we

provided a kernel K per word graph, which allows us to weigh the different words. As for exam-

ple, in the activity (i.e., a related verb and noun pair) the kernel may specify that the noun-part

is more relevant bymultiplying the corresponding numbers in the vector with a specified value.

A higher value would make that part more relevant when comparing. Per word graph, the ad-

dition of overlap- and difference score, weighted by the so-called Vector Kernel 𝑉, leads to the

final score. To be more precise, the word graph kernel weighs the words in the word graph,

whereas the vector kernel weighs the overall score of the word graph. Once all (weighted)

overlap- and difference scores are processed, the final score gives the similarity between the

two sentences. Higher numbers represent better matches.
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Algorithm 1 One suggested similarity score used by WordGraph2Vec.

Require: Word2vec𝑊, Language model 𝐿, Word Graphs𝑁, Word Graph Kernel 𝐾, Vector Ker-

nel 𝑉

1: WG2V_SIMILARITY(Sentence 𝑆1, Sentence 𝑆2):

2: 𝑓𝑖𝑛𝑎𝑙_𝑠𝑐𝑜𝑟𝑒 = 0

3: for Each word_graph_type 𝑛 ∈ 𝑁 do

4: 𝐴 = 𝑆1[𝑤𝑜𝑟𝑑_𝑔𝑟𝑎𝑝ℎ_𝑡𝑦𝑝𝑒]

5: 𝐵 = 𝑆2[𝑤𝑜𝑟𝑑_𝑔𝑟𝑎𝑝ℎ_𝑡𝑦𝑝𝑒]

6: 𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 = 𝐴⋂𝐵

7: 𝑜𝑣𝑒𝑟𝑙𝑎𝑝_𝑠𝑐𝑜𝑟𝑒 = |𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛|

8: 𝑠𝑦𝑚𝑚𝑒𝑡𝑟𝑖𝑐_𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝐴 = (𝐴 − 𝐵)

9: 𝑠𝑦𝑚𝑚𝑒𝑡𝑟𝑖𝑐_𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝐵 = (𝐵 − 𝐵)

10: 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝑠𝑐𝑜𝑟𝑒 = 0

11: for Each word_graph_type 𝑖 ∈ 𝑠𝑦𝑚𝑚𝑒𝑡𝑟𝑖𝑐_𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝐴 do

12: for Each word_graph_type 𝑗 ∈ 𝑠𝑦𝑚𝑚𝑒𝑡𝑟𝑖𝑐_𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝐵 do

13: 𝑉𝑖 = 𝑊𝑜𝑟𝑑𝑔𝑟𝑎𝑝ℎ2𝑣𝑒𝑐(𝑖)

14: 𝑉𝑗 = 𝑊𝑜𝑟𝑑𝑔𝑟𝑎𝑝ℎ2𝑣𝑒𝑐(𝑗)

15: 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝑠𝑐𝑜𝑟𝑒+ = 𝑐𝑜𝑠𝑖𝑛𝑒_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑉𝑖, 𝑉𝑗) ⋅ 𝐾

16: end for

17: end for

18: 𝑓𝑖𝑛𝑎𝑙_𝑠𝑐𝑜𝑟𝑒+ = (𝑜𝑣𝑒𝑟𝑙𝑎𝑝_𝑠𝑐𝑜𝑟𝑒 + 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝑠𝑐𝑜𝑟𝑒) ⋅ 𝑉

19: end for

20: return 𝑓𝑖𝑛𝑎𝑙_𝑠𝑐𝑜𝑟𝑒

4 Experiments

In this Section we will benchmark WordGraph2Vec (WG2Vec) against the averaged variant of

Word2vec (AvgW2Vec). We will start with describing our experimental use-case: matching

skills in the labor market. Next we will explain our experimental methodology and finally the

results.

4.1 Labourmarket use-case: from jobs to skills

At the start of this project, funded by the Interreg ’Werkinzicht’ project, there was growing

tension in the Dutch labor market. Tension is defined by SN as the number of open vacancies

per 100 unemployed people. Mid 2019 the tension was 93. This means there were almost as

muchopen vacancies as therewere unemployedpeople. This raises the questionwhy itwas still

so difficult to employ the remaining unemployed people. Apparently, the supply (unemployed

people) and the demand (open vacancies) didn’t match. The current COVID-19 crisis will have

considerable impact on the labout market tension. However, the problem of matching supply

and demand in the labour market might become even more relevant since this crisis may have

a permanent effect on specific economic sectors and the associated job profiles. It is generally

assumed that matching supply and demand can be better achieved on the more granular level

of skills as opposed to matching on job titles alone. Gaining insight into supply and demand of

(new) skills is valuable for national statistics, e.g., for reporting trends of new skills, revision of

curricula, support people who are seeking jobs with educational programs.

For this project, SN is collaborating with the Dutch (UWV) and Flemish Public Employment

Services (VDAB) to create an open source ontology for the Dutch labor market that describes

all existing jobs and skills. This ontology could be used tomakemuchmore fine grainedmatches
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between vacancies and people seeking a job within the Netherlands and across the border in

Flanders. It also allows to create cross-border statistics for the labor market. That is why this

part of the project is developed with funds from the Interreg Werkinzicht project.

To keep the ontology up-to-date is a labor intensive process. SN, therefore, strives to help

the domain experts of UWV to automatically process available big data sources and use the

previously described WG2V algorithm to provide suggestions for potential new skills and jobs

that should be added to the ontology. The big data in this case are job vacancies posted at

online websites both for the Netherlands and Flanders.

The learning task then is to match skills extracted from vacancy texts with (validated) skills

incorporated in the ontology. The main aim is to find synonyms in the ontology for our input,

or to actually discover new skills currently not present in the ontology. We call this algorithm

BIg Data Ontology Enrichment, see Algorithm 2. Note that we currently use vacancy texts as

input for potential skills, though in practice this can be any kind of document or text. BIDOE

is given an input sentence containing a potential ‘skill’, extracted from vacancy texts. It then

computes similarity scores with skills in the ontology. The matching can for example be done

with WG2Vec computes similarity scores between two sentences. BIDOE finally returns the

best nmatches, i.e., those with the highest ranked similarity scores.

Algorithm 2 Outline of the Big-Data Ontology Enrichment algorithm (BIDOE).

Require: Big data skill 𝑆1, Ontology skills 𝑂_𝑆, #Suggestions 𝑛

1: BIDOE_MATCH(Sentence 𝑆1):

2: 𝑚𝑎𝑡𝑐ℎ_𝑠𝑐𝑜𝑟𝑒𝑠 = []

3: for Each 𝑂_𝑆𝑗 ∈ 𝑂_𝑆 do

4: 𝑚𝑎𝑡𝑐ℎ𝑠𝑐𝑜𝑟𝑒 = 𝑆𝐼𝑀𝐼𝐿𝐴𝑅𝐼𝑇𝑌(𝑆1, 𝑂𝑆_𝑗)

5: 𝑚𝑎𝑡𝑐ℎ_𝑠𝑐𝑜𝑟𝑒𝑠[𝑗] = 𝑚𝑎𝑡𝑐ℎ_𝑠𝑐𝑜𝑟𝑒

6: end for

7: return 𝑏𝑒𝑠𝑡(𝑚𝑎𝑡𝑐ℎ_𝑠𝑐𝑜𝑟𝑒𝑠, 𝑛)

The idea is to use WG2Vec to determine the similarity between two skills. However, before we

can use WG2Vec, we first need to establish if it can successfully match skills. For that reason

we conducted an experiment which is detailed in the next Section.

4.2 Experimentalmethodology and results

We compared three algorithms that create sentence embeddings in the experiments, namely

(1) an algorithm that compares texts based on the occurrence of literal word graphs (WG), (2)

Word2Vec extended to sentences (AvgW2Vec) and finally (3) our proposed algorithmWG2Vec

which combines elements from the first two algorithms. Effectively, this means that we use

three different similarity functions in the BIDOE algorithm (see line 4 in Algorithm 2). For the

similarity function of WG2Vec we use Algorithm 1 which was explained in section 3.3. For

AvgW2Vec we simply take the averaged cosine similarity for all words in the sentence as the

similarity. WG only sums the overlap score in Algorithm 1.

To be able to compare these algorithms, we need a ground truth. In other words, we need

correct bindings between input and output skills (in the ontology). We collaborated with the

public employment service of the Netherlands (UWV) to produce such a ground truth. We pre-

sented UWV with a set of input skills. Based on an earlier version of BIDOE, we provided UWV
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with ten suggestions. UWV then mapped the best suggestion to the input skill, more specifi-

cally they labelled the best match as ‘1’, the second-best as ‘2’ and so-forth. If the suggestions

did not contain valid match, UWVwas able to browse the ontology for better matches. In total,

UWV made 97 annotations. Based on this dataset, we can compute various metrics for our

benchmark. The following metrics are used:

– Top-n: BIDOE presents the top n matches to domain experts. This metric measures the

number of times that the skill ranked by UWV is in the top-n. A high score is better.

– Rank difference: the difference between annotation and BIDOE rank. For each skill (s)

where there is an overlap between the BIDOE result j and an annotation i (it counts as a

Top-n hit), a difference in ranking is computed. This basically measures the uncertainty on

the predictions. A low Rank Difference is better. There are three different computations to

give a good indication of the Rank difference.

RD-AVG This computation gives an idea of the average offset of a match.

RD-MIN To offset the average (RD-AVG), a min value is added to illustrate the average the

best rank over all skill annotations.

RD-SCR Both RD-AVG and RD-Min depend on the 𝑇𝑜𝑝𝑛. If a different 𝑇𝑜𝑝𝑛 is used the

results are no longer comparable. This score RD-SCR normalises between 0 and 100

where a value of 100 indicates a perfect score.

𝑅𝐷𝑎𝑣𝑔 = (

𝑆

�

𝑠

∑
𝑠𝑎
𝑖 𝑀𝑖𝑛(|𝑖 − 𝑗|, 𝑇𝑜𝑝𝑛)

||𝑠𝑎||
)/(||𝑆||)

𝑅𝐷𝑚𝑖𝑛 = (

𝑆

�

𝑠

𝑖 ∈ 𝑠𝑎𝑀𝑖𝑛(|𝑖 − 𝑗|, 𝑇𝑜𝑝𝑛)/(||𝑆||)

𝑅𝐷𝑠𝑐𝑟 = 100 ∗ (

𝑆

�

𝑠

1 − (
∑
𝑠𝑎
𝑖 𝑀𝑖𝑛(|𝑖 − 𝑗|, 𝑇𝑜𝑝𝑛)

||𝑠𝑎||
)/𝑇𝑜𝑝𝑛)/(||𝑆||)

(1)

The Rank Difference scoring is shown above in the set of equations 1. The 𝑆 is the set of

skills and 𝑠𝑎 is the set of annotations for a skill. The 𝑇𝑜𝑝𝑛 is the maximum number of matches

returned by the matching algorithm. For the result table a 𝑇𝑜𝑝𝑛 of 10 was used. It should be

noted thatWG2Vecwas given its parameters via a random search of the hyper-parameters (the

word graph and vectors kernels) in the range of 0 to 20. It was found that the specific part was

most important (with a kernel of 19), followed by activity (14), noun (5), verb (2) and lastly the

leading (1). We set the vector kernels to 15 and 19 for the activity (i.e., the noun is mademore

important) and 16 and 14 for the specific. AvgW2Vec does not require any parameter tuning.

The results of the our benchmark algorithms are given in Table 4.1. From the results we clearly

see that a literal match of word graphs (in other words, only doing a literal match on syntac-

tic understanding of the text) does not work at all. We also see that WG2Vec outperforms

AvgW2Vec for the TN metric, the other metrics show similar scores. In particular the high Top-

n score is important. Out of 90 annotations, 23 percent of expert annotations are retrieved.

We realize that these results may be biased to some extent. Experts were given a list of sugges-

tions (made by earlier version of the WG2Vec algorithm) to speed up the annotation-making

process. However, they were also allowed to manually browse skills in the ontology and an-

notate those. Still, it is possible that the suggestions by a same type of algorithm introduced

a bias in the experimental results. However, a (expert validated) synonym is valid, regardless

how it was acquired.
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4.1 Empirical results of the experimentswith BIDOE.

Algorithm TN RD-AVG RD-LOW RD-SCR

WG 1% (1) 0.00 0.00 0

AvgW2Vec 11% (11) 2.58 2.00 74

WG2Vec 23% (22) 2.67 1.88 73

4.3 Cross-border language

One important aspect of our particular use-case is the fact that we are dealing with vacancies

in different languages (i.e., Dutch and Flemish). Both languages have strong similarities, but

some concepts are described differently. The fact that vanilla Word2Vec is used to capture

semantically similar concepts helps in this particular use-case. We did several tests with one

Word2Vec model trained on a text corpus of Flemish vacancies (FL) and one model trained on

both Flemish and Dutch vacancies (FL/NL). We then queried the word schrijnwerker, which is

the Flemish word for carpenter. The Dutch synonym for schrijnwerker is timmerman. Image

4.1 shows the strength of using Word2Vec as the engine for capturing semantics between two

similar languages: if we ask the Flemish model for similar concepts to schrijnwerker, the Dutch

synonym timmerman is not among the top results. It appears that this concept wasn’t often

used in the Flemish text corpus. If we use the model that was trained on vacancies for both

languages, the Dutch synonym was among the top results. This has consequences for cross-

bordermatching of supply and demand. More specifically, a resume of a timmermanmight not

be matched with a schrijnwerker vacancy, because the semantic similarity is lost. Using the full

model (FL/NL) a match was possible. This is an interesting property of Word2vec, that can be

a strong benefit in our specific (cross-border labour market) use-case.

4.1 TwoWord2vecmodelswere trained, one on Flemish vacancies only
(FL) and one on both Flemish andDutch vacancies (FL/NL) on the
labourmarket. TheDutch synonym for ‘Schrijnwerker’ is lost in the FL
model, but can be found in the FL/NLmodel.

5 Conclusions and futurework

In this paper, we proposed a novel algorithmWordGraph2Vec (WG2Vec) that combines differ-

ent types of natural language processing (NLP) methods. First, the grammatical understanding

of texts is used to extract relevant concepts in a text. We extract concepts from text, referred

to in the paper as word graphs. An example are activities in skill texts. At this point WG2Vec
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has recognized these concepts to be relevant - based on a grammatical understanding of the

sentence only - but it still has no idea what they mean, semantically. As a next step the se-

mantics are obtained for these word graphs using wordembeddings models. In other words,

the phrases will be converted into a vector of numbers, where the semantic meaning is cap-

tured in the vector (i.e., the phrases with vectors in close proximity to each other hold the same

semantic meaning).

Wepresent experimental resultswhereinwe show thatWG2Vec outperforms a straightforward

extension of Word2Vec and an algorithm using only part-of-speech tagging in a labour market-

use case. In this use-case we match skills obtained from vacancy texts with validated skills

in an expert system, and compare the matches from either algorithm with expert annotations

made by theDutch Employee Insurance Agency. Althoughmore experimentation is required (in

particular on a larger, unbiased dataset), we conclude thatWG2Vec’s grammatical and semantic

understanding helps in truly grasping the meaning of a piece of text.

Wewant to strengthen these claims in future research. For one, wewant to benchmarkWG2Vec

on a larger test set and against more advanced algorithms, such as paragraph2vec (Le and

Mikolov, 2014). Furthermore, WG2Vec can be further improved by making more elaborate

word graphs. Also, the ‘semantic engine’ which is now Word2Vec could be replaced by more

advanced algorithms.

The above are suggestions for improvements for the WG2Vec algorithm. Another crucial re-

search track for SN is utilizing the techniques discussed in the paper for making timely and

detailed statistics on the labour market, both from the perspective of demand and supply. By

reliably linking skills found in vacancies to validated skills in the labour market ontology, SN can

count the occurrence of skills in a given time period. With these counts of validated skills, SN

can compute timely and detailed labourmarket statistics. Which skills are currently in demand?

Which jobs are increasing in popularity? Which new jobs emerge, and what are its associated

skills? These questions can in principle be answered, given a thorough understanding of vacan-

cies and open (and validated) labour market ontology.
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