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Occupations and Education in X Data: How representative is
the data?

Michael Tiemann ©'-? and Jens Dorpinghaus ©'23

Abstract: Valuable insights can be gained regarding jobs and professions across various sectors
of society based on their inherent and acquired traits. Previous studies relied on methods such as
action research, surveys, and questionnaires that are time-consuming and resource-intensive. This
study examines vocational education and training data on Twitter. Although the data has been utilized
in multiple studies, we will examine a vital research inquiry within computational social science: Is it
plausible to employ Twitter/X data for analyzing vocational education and training in Germany or
does the data display excessive bias? This investigation is infrequently explored since most researchers
endeavor to discover representative samplings of larger subsets, and gauging representativeness against
a ground truth can prove challenging. However, we will demonstrate that with research inquiry and
statistical data, it is feasible to calculate a representative distance d, correction factors «, and an
overall bias . This provides a unique technique towards labor market research that makes novel data
interoperable, which has not been considered in previous literature. Our approach is versatile and can
be readily extended to other data.

Keywords: Computational Social Sciences, Labor market research, social media, Twitter

1 Introduction

The German labor market is dynamic: technical innovations and social changes lead to
new skill demands. Within the German education system - in contrast to other countries -
vocational education and training (VET), retraining and continuing vocational education
and training (CVET), play a pivotal role in responding to these new requirements. This is
also resembled by roughly half of the workforce having a (C)VET training as their highest
vocational education. [Do19; Hel6]

The German education system offers different pathways for professionals, see [GL21]. These
are negotiated between four different stakeholders (educational institutions, companies and
enterprises, employees, and financiers), who all have to react to emerging situations. From a
research perspective, the task is to determine which education content is increasingly being
offered and demanded in order to draw conclusions about the development needs of the
vocational training system. We find information on these in different data sources.
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Our primary research questions is: If we want to utilise data from Twitter/X or other social
media, how representative are they? In other words: “Can we utilize Twitter/X data as an
interoperable data source extending existing resources for analysing vocational education
and training in Germany?”

We will present an overview, followed by a segment covering current research and related
work, outline the methodology employed in the study, experimental results and assesses the
X dataset, relating to research on the German labor market as well as conclusions and an
outlook.

2 Related Work

The labor market for IT professionals in Germany depends on academic and vocational
education, as well as training, retraining, and continuing education to meet future expecta-
tions. Going beyond a surface-level examination of academic and vocational education and
schools, we can analyse digital labor market data from online job advertisements (OJAs)
or social media data, for example from Twitter/X and YouTube. These can be used for the
analysis of OJA can help identify and describe labor market needs, which can help identify
skill and educational needs [DJ19; VLV21]. Furthermore, the analysis of social media data
can substantiate our knowledge about the broader perception and reception of labor market
demands as well as changing skills and qualifications [Pal19b].

In addition, over the past few decades, there has been a growing interest in extracting
data from educational databases, advertisements, and information systems [DIH17; MT13;
RVO7]. It is critical to support decision-making and process management in education.
The typical hurdles include automatically extracting knowledge from data, interpreting
passages from texts, and mapping to present datasets. However, there remain challenges
to be addressed regarding data and data integration [KKM20]. While Twitter has been
utilized as a source for further analysis, its use has primarily been confined to homophily
[Pal9a], measuring demographic characteristics [AKF18; FW15; SI15], happiness [Gul6],
and socioeconomic status [AKF18]. However, existing studies are limited to English texts
and no method attempts to produce interoperable data, such as connecting tweets to existing
data schemes. Although various approaches are available, they are typically constrained
to English texts, including resumes [BA11; Ko10]. Investigations into contextualizations
with social media have explored occupational differences, but no significant association was
identified [TV18]. Since we can only rely on very limited previous work, we will continue
with a detailed discussion of the methods to encourage further research in this field.

Social media data’s representativeness for general publications is a frequently raised
question [Tul4]. Generally, researchers claim that it is not representative [Ha20; MP17;
Ro13]. However, it can also be used to infer real-world data from social media [Wal9].
Additionally, even for marginalized groups, data is available [Ha23]. Biases also arise from
inequalities in access to social media, since not every person has comparable chances in
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terms of access to internet-providers and online access. While it would be conceivable to
construct measures to account for such inequalities, these would be highly complex. In
essence, the best way would be to find representative survey data for all times and regions
matching the Twitter/X data. Such surveys cannot be done in hindsight. A second best way
would be to use some survey data and infere probable correction factors. This would still
be complex and computing intensive, but not neccessarily increase weighting efficiency in
comparison to simpler correction factors like the ones proposed here.

As shown in [DT23] the only ontology available for the German labor market is GLMO. The
International Labor Organization (ILO) developed the International Standard Classification
of Occupations (ISCO)* in 1958 and published subsequent revisions in 1968, 1988, and
2008, with the latest version being in 2008. It has been utilized in the European Union (EU),
and German-speaking nations such as Germany, Austria, and Switzerland have created a
distinct adaptation of ISCO 2008. ISCO occupations are organized based on skill level and
connected to the “European Skills, Competences, Qualifications and Occupations” (ESCO)
ontology, which introduces an additional level of hierarchy to the information.

In Germany, the Classification of Occupations, “Klassifikation der Berufe” (KIdB), is the
reference classification. This classification system ensures occupations are structured at
a task level, allowing for clear and concise categorization. The 2020 revision of KIldB
2010 is the latest version, rendering the obsolete 1988 and 1992 versions. Its redesign
ensured compatibility with ISCO-08. GLMO incorporates both ISCO and KldB, making
data interoperable with other systems.

While the extraction of skills, tools and other entities from labor market data is known to
be hard [DD23; DJ20; DSH23], in the next section we describe the data foundation and
methods to analyze their representation of the labor market. In general, context makes these
problems hard [D620; FDF23].

3 Data and Methods

The data was retrieved using a generic workflow to analyze twitter data, see [DT23]. It
comprises three parts: First, reading the data retrieved from Twitter API from the database,
then transferring the data using a custom UIMA Typesystem to the second part which
analyzes the sentiment of words within a Tweet and annotates entities from ESCO and tools,
and ultimately passes the result to the writer for storing the output. Besides of UIMA, we
use Python with several libraries like SpaCy and Tweepy.

The dataset includes occupational IDs, corresponding occupational groups, and occupational
areas based on KldB codes (e.g., 32103, 321, 3), along with job titles as search terms.
Additionally, the dataset includes tweet ID, tweet text, creation timestamp, and, if available,
language tags, geographic information, and sentiment data.

4 See https://www.ilo.org/public/english/bureau/stat/isco/isco08/.
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Area  # Tweets

0 12,425
1 123,531
2 859,805
3 214,294
4 273,029
5 220,832
6
7
8
9

281,153
410,809
580,802
430,801

Tab. 1: Number of tweets to a particular occupational area.

In general, out of 3,407,481 tweets with duplicates, 88.5% were neutral, 9.3% negative and
2.2% positive. Very few tweets contain geographical information (ca. 3%). The amount of
tweets for a given occupational area are presented in Table 1. In [DT23] we showed that our
approach makes tweets interoperable with KldB and ESCO.

We can now assume that we have all tweets related to any occupation in KIdB>. It should
be a reflection of reality. A representative sample is defined as a smaller version of the
population that captures its features [GS14]. Finding representative subsets of a large data
set is well-studied in literature [Bo12; Pa05], but in our case we need to test if a data set
actually is a representative sample.

The initial concern is what ground truth we want to compute representativeness for. Given
that we are working with categorized data, we will assume classes C = c’, ..., C,yl for
a timepoint, e.g., years in 7, y and a ground truth sample size of s : C — N, where
$(C}), ... s(Cy) can be compared with the samples in o : C — N, o-(C;). This will enable
the computation of the representative distance as d : C — R.
s(CY) = o (C))
s(C;)
We can also describe a correction factor for a class C; as

4(c)
k(Cy) = —,
27

and the overall bias by
_ k(Ci)
v= ), o

5 Although this assumption is not true due to spelling mistakes and indirect references, we have however a
common problem in data science




Occupations and Education in X Data 1069

However, the ground truth is determined by the research question. Therefore, we will
compare the data under the following circumstances:

We will begin with a spatial analysis, which is significant because only a small fraction of
the data includes geographic information. This analysis will determine whether Twitter data
can be used to analyze regional phenomena.

The second and third analyses will focus on Occupational analysis, both in general and
concerning vocational education. Here, we will first analyze the complete dataset to
determine over- and underrepresented occupations in a given year. We will then limit our
analysis to tweets mentioning vocational education and examine whether this over- or
underrepresents novel training contracts in that year. Every analysis can be carried out on
different levels of KIdB in GLMO, for example 9 occupational areas or occupational groups.

Opverall, our analytical stance resembles a marginal weighting, where a given sample would
be compared to a known population. The difference is that we cannot easily compute matrices
for comparison. Most commonly samples would be compared according to educational
attainment, age, regions, or occupations. We cannot easily use such information. The
problem of authenticity would also complicate matters since it is not established whether
self-representation in social media is authentic (in favor: [KMR22]) or not (e.g. [To17]). Self-
representation is also hindered by undisclosed preselections between front- and back-ends
[Rel4], where back-ends superimpose structures and opportunities for self-representation
(e.g. by only allowing for giving age-ranges). On top of this researchers cannot be sure to
what aim social media data have been gathered and produced (both by providers or firms and
users), the best guess being commercial uses. Before this backdrop of different sources for
variation and biases (access to the internet and social media, questionable self-representation
and authenticity, structural problems of preselection and intent) we propose that the best
way foreward is a correction factor as simple and at the same time as fitting to the research at
hand as possible. Notably we find our approach also differs from most found in an extensive
meta-study on sampling with Twitter data [Vi23]. While we do apply the “API search
followed by secondary data” approach, usually additional metadata on users is collected for
weighting, whereas we focus on the aggregate level of occupations.

4 Analysis

4.1 Spatial analysis

In general, out of 2,440,626 non-duplicated tweets, 1,947,744 were neutral, 400,170 negative,
and 92,712 positive. This gives a broad basis for testing collocational prestige. And even
though only very few tweets contain geographical information (ca. 3%), we can find regional
clusters for particular occupations. When presenting the poster, we will not only show that
our approach makes tweets interoperable with KldB and ESCO, but also present those
cases where we have enough data to process job prestige analysis on a geographical basis.
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For this we will compare the standard sociological prestige assignment via occupational
classifications to a) tweet sentiments and b) most frequent tokens (words), but also c),
applying ideas of embodiment of prestige, co-occurrences of bodily concepts with different
prestige values.

Imminant and ascribed job characteristics hold valuable information. They are usually
surveyed with action research, questionnaires, interviews, ... - all intensive in time and
resources. Our project shows how social media data, in particular Twitter data, can be used
to supplement and enrich such ,traditional* data.

Sentiments and occupations 1 meaningful results (e.g. Fournier et al. 2023) During pandemic
occ. In healthcare viewed slightly more positive, construction and logistics slightly more
negative

Sentiments and locations 2 For smaller federal states not enough cases for detailed
information Number of tweets largely increasing for last decade making them better suited
for more current phenomena

4.2 Employee analysis (Mikrozensus)

We will now analyze if the Twitter data represents the total number of workers in an
occupational area or group. Statistical data comes from Mikrozensus and BIBB [LR97].
This data is frequently used for labor market analysis and forecasting future trends [He12;
Mal4]. Data for occupational groups are only represented at occupational areas and groups.
Table 2 denotes the distance d between the proportion of workers in a given year and the
proportion of tweets linked to an occupational areas. Positive values for occupations 9 and
4, as well as for 2 and 6, are evidently present in some years.

However, in Figure 3 we display a heatmap representation of both occupational groups and
areas. Here, Occupation 9, which includes creative occupations in publishing and media
management along with philology. However, we mainly find a peak in field 4 and a large
plus in field 2. A closer look shows that it is mainly specific occupational groups that are
important for this result:

. 232 Occupations in technical media design

° 233 Occupations in photography and photographic technology

° 733 Occupations in media, documentation and information services

. 911 Occupations in philology

. 923 Occupations in publishing and media management

If we display the data in a box plot, see Figure 4, we can immediately see that occupational

area 9 is the main area, with much more tweets about vocational training than other areas,
which usually have fewer tweets.
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Mean negaiive sentiments on occupations in Treets, 2016 t0 2019

Ocsupaton (KdBz010)

Occupaton (CUBZ010)

Fedeal e

Fig. 1: Sentiments and occupations meaningful results (e.g. Fournier et al. 2023) During pandemic
occ. In healthcare viewed slightly more positive, construction and logistics slightly more negative

To calculate the correction factor k, we simply take the mean of d over time. For area 9, this
value is 1.995, with all other values falling within a range of -0.56 to 1.24. In this instance,
v =0.249.

When examining occupational groups, some may have larger correction factors.
. 232 26.200023

. 233 88.909980

. 281 6.877897

. 733 21.700635

. 923 50.572560

An overall bias of y = 1.81 means that there is a significant disparity. Therefore, we can
conclude that the information on occupational areas can be utilized with a correction factor,
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Couns for occupations in Tees, 2016 (0 2019

Ocsupaton (KdB2010)

in Tueets, 2020 0 2023

£5§ 7

Occupaion (182010)

Fig. 2: Sentiments and locations For smaller federal states not enough cases for detailed information
Number of tweets largely increasing for last decade making them better suited for more current
phenomena

particularly for certain fields. However, this may not be feasible for occupational groups
without further limitations.

4.3 Vocational training analysis (Dazubi)

Data from the vocational training statistics of the Federal and State Statistical Offices can be
accessed through DAZUBI. The annual total survey incorporates data on vocational training
in accordance with the Vocational Training Act (BBiG) and the Crafts Code (HwO), and
covers trainee, contract, and examination data. Table 3 denotes the distance d between the
proportion of new training contracts in a given year and the proportion of tweets linked
to vocational training. Positive values for occupations 2 and 9, as well as for 5 and 8, are
evidently present in some years.
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2010 2011 2012 2013 2014 2015
Area
1 -0.057806  -0.610543 -0.272339 -0.675933 -0.245685 -0.681493
2 1.507389 0.752382 0.149469 0.626881 0.806626 0.657555
3 -0.475278 -0.391903 -0.187396  -0.222087 -0.371572 -0.120870
4 0.140821 0.969498 1.184526 0.784938 1.015686 2.673778
5 -0.638295  -0.222046  -0.557111 -0.494134 -0.536415 -0.515042
6 -0.168371 0.240505 0.723188 0.373695 -0.061697 0.220233
7 -0.448906  -0.505607 -0.200808 -0.322521 -0.229641 -0.421173
8 -0.684885 -0.653580 -0.483452 -0.516870 -0.462670 -0.526139
9 2.526545 3.210485 2.463338 2.529874 2.309713 1.650335

2016 2017 2018 2019 2020 2021
Area
1 -0.575837 -0.449622 -0.383116 0.092686 0.187024 1.026898
2 0.605672 0.572571 1.157838 1.404790 1.855483 1.853060
3 -0.443410 -0.569739  -0.729240 -0.544924 -0.191452 -0.402928
4 2.591697 3.633144 0.773455 0.397584 0.423998 0.338281
5 -0.456436  -0.423194 -0.398711 -0.699558 -0.776967 -0.814641
6 -0.099535 0.100120 0.320189 0.454824  -0.004805 -0.033165
7 -0.284219 -0.398783  -0.537804 -0.553030 -0.741410 -0.731737
8 -0.361465 -0.475068 -0.621229 -0.707618 -0.662505 -0.601879
9 1.762657 1.469142 1.816641 1.482075 1.228522 1.495865

Tab. 2: The distance d for different occupational areas (1-9) and the size of X samples per year.

However, in Figure 5 we display a heatmap representation of both occupational groups and
areas. Here, Occupation 2, which includes creative occupations such as photographers and
media designers, is important. However, we mainly find a peak in field 5 and a large plus in
field 9. A closer look shows that it is mainly specific occupational groups that are important
for this result:

. 933 Occupations in artisan craftwork and fine arts

. 913 Occupations in the social sciences

. 281 Occupations in textile making

. 311 Occupations in construction scheduling and supervision, and architecture
° 611 Occupations in purchasing and sales.

If we display the data in a box plot, see Figure 6, we can immediately see that occupational
area 9 is the main area, with much more tweets about vocational training than other areas,
which usually have fewer tweets than new contracts and no more than twice as many tweets.

This approach is reflective of actual importance, as some occupations have a negligible
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job_id3

Fig. 3: The distance d for different occupational areas (1-9, left), occupational groups (right) and the
size of X samples per year.

o

é.?.%%%%

1 9

Fig. 4: A box plot depicting the distance d for various occupational areas (1-9) and X samples per year.

share of new contracts. To calculate the correction factor «, we simply take the mean of d
over time. For area 9, this value is 5.175203, with all other values falling within a range of
-0.63 to 0.35. In this instance, y = 0.454.

When examining occupational groups, some may have larger correction factors.
o 232 18.325647
o 233 69.444706
o 281 56.907285
. 311 42.570592
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2010 2011 2012 2013 2014 2015 2016

1 1.262076  -0.254492  0.233715 -0.692853  -0.509986 -0.082682 -0.572713
2 -0.581133  -0.119071  -0.276161  0.384254  1.198552  0.645691  0.906384
3 -0.639111  -0.792622  -0.456121 -0.538606 -0.741887 -0.590211 -0.609194
4 0.145466  -0.198800  0.581954 -0.630980 -0.606135 -0.611569 -0.576467
5 1.449583  2.472200  0.291577 -0.508918 -0.828630 -0.511640 -0.546336
6 0.254521 -0.583069 -0.266035  0.382154 -0.688291 -0.463526 -0.513942
7 -0.595705 -0.000391  0.200119  -0.553938 -0.685450 -0.803155 -0.746415
8 1.342296 -0.164697  0.626277 -0.072432  -0.149516  0.170831 -0.361241
9 1.210632  7.032732  2.508180  1.902418  5.560484  8.737524  8.147497

2017 2018 2019 2020 2021 2022
Area
1 -0.257034  -0.525342  -0.452591 0.320748 -0.197276  -0.328932
2 0.671837 0.342820 1.098826 0.244159 0.130930 0.017536
3 -0.734076  -0.598787 -0.592948 -0.756362 -0.591968 -0.554190
4 -0.643672 0.061197 0.191085 1.115724 0.573212 0.260722
5 -0.176176 0.444593  -0.507342 -0.316500 -0.412498 -0.426818
6 -0.239203  -0.096526  -0.619100 -0.349356 0.333653 0.019371
7 -0.801745 -0.646549 -0.663125 -0.364208 -0.181107 -0.231574
8 -0.296260 -0.174626 -0.437058 -0.238563 -0.332810  0.293543
9 7.845721 5.087217 2.540952 8.686764 2.471263 5.546260

Tab. 3: The distance d for different occupational areas (1-9) and the size of X samples per year.

An overall bias of y = 4.05 means that there is a significant disparity. Therefore, we can
conclude that the information on occupational areas can be utilized with a correction factor,
particularly for certain fields. However, this may not be feasible for occupational groups
without further limitations.

5 Conclusions and Outlook

The objective of this study was to assess the representativeness of Twitter/X data for labor
market analysis, with a particular emphasis on vocational education and training (VET) in
Germany. Through spatial, occupational, and training-related analyses, we demonstrated
that despite inherent limitations, social media data can offer valuable insights when aligned
with established classification systems such as KIdB and ESCO.

The findings of this study demonstrate the particular utility of Twitter/X data at the level
of occupational areas. While strong deviations from reference statistics are evident for
specific occupational groups, particularly those related to media, arts, and social sciences,
the application of correction factors enables the meaningful integration of these data. This
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Occupational Area
Occupational Groups
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Fig. 5: The distance d for different occupational areas (1-9, left), occupational groups (righut) and the
size of X samples per year.
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Fig. 6: A box plot depicting the distance d for various occupational areas (1-9) and X samples per year.

9

approach offers a promising method to bridge traditional labor market statistics and real-time,
user-generated social media content. However, the significant overall biases observed at the
group level indicate the necessity of exercising caution and avoiding simple extrapolations
without further adjustments.

In the future, further research should expand the application of correction factors to additional
domains and examine the possibility of adapting similar approaches to other areas, such as
regional analyses or the study of qualification trends. Furthermore, the incorporation of
multimodal data sources, such as the integration of social media with job advertisements or
educational databases, has the potential to enhance the robustness of the model and address
existing coverage gaps. The development of more sophisticated methods for sentiment and
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semantic analysis, particularly for German-language texts, is another critical step in ensuring
the reliability of social media as a component in labor market monitoring.

This study contributes to a growing body of work exploring the use of novel data sources in
computational social science. It underlines both the potential and the boundaries of social
media as a data source for labor and education research.
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