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Abstract: Digital archives often describe their catalogs with digital objects where each record
represents a physical document that can be found in the archive. While this is approach is most
effective to describe data that is present in the archive, there are some archives where the absence
of missing documents can impact its quality. To approach methods that can be used to assess the
completeness of an archive, we use record linkage methods on the example of the occupations archive
at the Federal Institute for Vocational Education and Training (BIBB), combined with the genealogy
of vocational education. Our idea is that every record from the genealogy – which describes the
history of vocational training in Germany – should have a matching record in the occupations archive
– which contains the legal regulations that build the foundation for the genealogy – which implies a
mapping between the two data sets. To this end, we create pairs of potential matches between records
of both data sets and separate them in two classes: matches and non-matches. These pairs are then
used to train different classifiers that should be able to categorize unseen record pairs. The results
show that the the selected classifiers give reasonable results but need some more improvements for
better reliability.
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1 Introduction

Digital archives provide a great opportunity when it comes to the automated processing of
archival records. Structured standards like METS/MODS, ISAD(G), and DCMI provide
great interoperability between records from different sources. However, human errors like
typos or misrecognized information from the physical documents can still make it into data
sets. This makes the task of mapping archival records from different sources even more
challenging.

The occupations archive at the Federal Institute for Vocational Education and Training
(BIBB) in Germany contains more than 7,000 historical training regulations from 100
years of German history. However, many documents in the archive had to be disposed
due to damages that were too severe for any restoration and some documents might have
never made it into the archive stock in the first place, but could be found in other archives
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that provide digital catalogs. Although completeness of an archive is nearly impossible to
guarantee, the quality of the archive might be improved by identifying gaps in it.

Historical data is not necessarily given in form of archives, but also other structured formats
like tables or linked data. The genealogy of vocational education is a tabular data set
containing a list of historically state-recognized occupations in Germany. Although it has
not many exactly matching fields to archival data, in the case of the occupations archive,
there are some commonalities, like the occupation name that is also included in the titles,
which could be sufficient for a successful matching of record pairs.

A successful mapping of these two data sets, but also a matching to records of other archives,
should help identifying gaps in the occupations archive in future research. The research
questions guiding this research are:

1. How can record linkage methods be applied on data sets of historical labor market
data?

2. Which are the most efficient classifiers for the linkage of historical labor market data?

To answer these questions, we apply a small selection of record linkage methods on a labeled
subset of pairs from records of the occupations archive and the genealogy of vocational
education, containing 310 matches and 164 non-matches. We aim to provide a proof of
concept that shows the potential of record linkage methods in labor market research to
pave the way for future research that might include data sets that were collected from open
available digital archives that could contain records that are relevant for the occupations
archive as well.

2 Related Work

Data matching, also referred to as record linkage, is a topic of significant interest within
many fields, e.g., medical research, and other areas that contain personal data where entities
from different sources might refer to the same person. However, the number of publications
directly addressing this subject is limited. For further information, readers are directed
the works of Christen [Ch12] or [St05]. It bears a close relation to a multitude of other
problems, including the entity resolution (ER) problem, which is defined as the process of
determining if multiple data records refer to the same entity in the real world [Ol25], as well
as product matching [Al24] and the privacy and data protection of data [Sc07]. This issue
can be regarded as a subproblem of data fusion in general, see [LKC06]. Given the generally
heterogeneous nature of data, there is a plethora of examples in the extant literature. These
include spatial data (see, e.g., [OM08; WF99]), historical data, see [JSS02], healthcare data
(see, e.g., [Co12]), and life sciences data, see [Gu22; Pa07].

In light of the paramount importance of linking and matching data, it is imperative to delve
into the annals of data processing. This concept has been delineated since as early as 1974,
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as evidenced by the seminal works of Okner (1974, [Ok74]) and [Ca77; Ka75]. The process
of data matching and linking is typically executed through the utilization of similarity
functions. Subsequently, either artificial intelligence (AI) or distance methods are employed
to analyze and establish relationships between the data points [Da07].

3 Data Sets

The two data sets used for our research are the archival records from the occupations archive
and the genealogy of vocational education. They refer to two different types of entities, but
are still related: While the archive data describe documents in the occupations archive that
are training regulations, the genealogy only focuses on which occupation was recognized
by the German state, including the time period where this was the case. However, as the
training regulations are the legal foundation for when a training had state recognition, there
are connections between the two data sets.

As both data sets were created by humans, there might be smaller inconsistencies between
them, e.g., through typos, missing data, and spelling inconsistencies. These are the challenges
that are commonly addressed by record linkage approaches.

Nevertheless, there are some additional challenges specific to data sets like ours. Some
occupations for example are only given in the form of one gender, while others are at
times given with both, which makes a difference in German language. For example, one
record could be Kaufmann im Einzelhandel / Kauffrau im Einzelhandel (retail salesman /
retail saleswoman) in the genealogy, while a matching record in the archive could refer to
Einzelhandelskaufmann (retail salesman). Not only does the first version give the occupation
title with two genders, but the separate words are also combined into a compound word in
the archive version.

4 Method

Our method is based on the Data Matching book by Peter Christen [Ch12] and utilizes the
RecordLinkage Python library [De19]. It performs the five steps that are found in both of
these sources: preprocessing, indexing, comparing, classification and evaluation. The key
idea of our method is the creation of a set of potential matches and classifying them into
two clusters: matches and non-matches.

4.1 Preprocessing

Although data matching techniques are able to handle inconsistencies between records to
some extent, preprocessing of the data is crucial. For our data sets, this includes cleaning
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string data, in particular titles from the records of the occupations archive, but also the
occupation names that should be found in both the genealogy of vocational education and
the occupations archive. Because the titles are considered to contain the occupation’s name
that is regulated in the underlying document, both the title and occupation name are key
columns in the archive data set. This string data is cleaned by: 1. converting all characters
to lowercase, 2. removing special characters and punctuation, 3. removing multiple space
characters in a row which can exist due to human errors when creating the records, and 4.
removing umlaut characters. Doing so helps removing discrepancies between records that
refer to the same entity.

Additionally, several dates can be found in the records of the occupations archive. These
dates are: date of issue, entry into force, and year of publication. The genealogy of vocational
education on the other hand contains one date column, when the record’s occupation was
created or revised. In its current status, the date column of the occupations archive’s data set
are not fully harmonized and also contain string information in some records. For this, the
date columns of the archive data set are considered as string and a method to extract dates
from string is applied to obtain data that is formatted as date.

On the other hand, the date for some of the documents is not known due to incompleteness
or damages on some of the physical documents. As the date is a key feature to match the
records as the same occupation can exist in multiple versions in the genealogy, techniques
to fill the date gaps in the archive data set like using the mode date are not appropriate.
Therefore, records that contain no information on the date in any of the three aforementioned
date columns are dropped for the sake of this research.

A small excerpt of the preprocessed archive data set is shown in Table 1.

Titel Titelzusatz Beruf Inkraft-
treten

Erscheinungs-
jahr

Erlassdatum

Bekannt-
machung
der Fortbil-
dungspro-
file zu den
. . .

Abwasser-
meister,
Fachkauf-
mann für
Außen-
wirtschaft . . .

NaT 2006-05-21 2006-02-14

Prüfungsan-
forderungen
für Achat-
bohrer

Industrie-
Facharbeiter-
prüfungen

Achatbohrer NaT NaT 1937-01-04

Tab. 1: Excerpt of the preprocessed table of the archive data set. NaT means that no date was found in
a column for the particular record. Titel is title, Titelzusatz is title suffix, Beruf is occupation,

Inkrafttreten is entry into force, Erscheinungsjahr is relesase year, Erlassdatum is date of issue.

Summing up, the preprocessing step focuses on cleaning string and date values that will be
the key features for matching the records of the archive and the genealogy.
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4.2 Indexing

Creating a set of all pairs of records can increase the space complexity since the cartesian
product of two sets results in 𝑛 · 𝑚 pairs. In the case of the occupations archive with around
7,000 records and the genealogy with around 2,000 records, this would result in more
than 14 million potential matches. In record linkage, however, only a small fraction of
the matches will actually exist. To reduce the number of pairs that are considered in the
classification process, indexing is used.

Sorted neighborhood indexing uses sorting key values which are found in columns that are
expected to have similar values that can be used to build the index. The tables are merged and
sorted along the column that was selected as sorting key. Potential matches are then selected
within a certain neighborhood around each record. This reduces the amount of potential
matches significantly. While Q-Gram based indexing would have been a better solution as
in particular between titles and occupations names there might be large discrepancies, this
is currently not implemented in the used Python library and therefore sorted neighborhood
indexing was selected.

Sorting keys for the genealogy and archive data sets are on the one hand the columns that
contain dates as well as the occupation names and titles in each of the data sets. A part of
the mapped index positions is shown in Figure 1.
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Fig. 1: Excerpt of the index pairs computed by the sorted neighborhood indexing. Indexes on the left
column map a record of the genealogy to a record of the archive. Compared to the cartesian product

of records in both data set, there are far less potential matches.

4.3 Comparison

After pairs of records have been created, they need to be compared to check how similar the
underlying records are. Similarity scores should always be values between 0 and 1 where
1 means that records are identical and 0 means they are completely different. Therefore,
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metrics like Levenshtein distance that are not guaranteed to return a value between 0 and 1
are normalized. These values are computed between the date of the record in the genealogy
and each of the date values in the archive: date of issue, entry into force, and year of
publication.

String values on the other hand can be compared over edit distances. It is often useful to
take different types of distances. The RecordLinkage library supports multiple metrics,
but for this research, we use: Q-Grams, Jaro-Winkler, Levenshtein, and cosine distance.
These distances are compute between the occupation field of the genealogy and each of the
occupation, title, and title suffix columns in the archive records. An excerpt of the table that
contains the record pairs and the string distances is shown in Table 2.

idx-g idx-a jw-o-o jw-o-t jw-o-ts lev-o-o lev-o-t lev-o-ts ...

0 225 0.900000 0.518921 0.000000 0.500000 0.195652 0.000000 ...
0 226 0.900000 0.570426 0.000000 0.500000 0.222222 0.000000 ...
... ... ... ... ... ... ... ... ...

Tab. 2: Excerpt of the computed string distances that will be part of the features for classification.
idx-g is the index of the record in the genealogy, idx-a is the record index of the archive record of this
pair. jw refers to Jaro-Winkler distance, lev to Levenshtein distance. o-o is the edit distance between
the occupation in the genealogy and the occupation in the archive. o-t is the edit distance between the
occupation in the genealogy and the title in the archive record. o-ts is the edit distance between the

occupation in the genealogy and the title suffix in the archive.

For dates, the difference between the compared dates can be computed to check their
similarities. In its current implementation, exact matching dates are classified as 1, and dates
that are not the same as 0. These features will be used to train the classifier in the next step.

4.4 Classification

The last step of the record matching process is the classification. For this part, common
clustering and classification methods can be used to separate the matches from the non-
matches. To do so, a subset of the record pairs, consisting of 310 matches and 164
non-matches, was labeled. A random selection of 80% of each matching and non-matching
pairs was used as train data, the remaining 20% of each as test data.

Using the labeled data, a SVM and a logistic regression classifier have been trained. As an
unsupervised alternative to these two classifiers, also a K-Means classifier has been trained.
The prediction results of each of the classifiers are shown in the following section.

5 Experimental Results

The sorted neighbor indexing resulted in a reduction ratio of about 99,78%, meaning that
less than 1% of all possible record pairs have been kept in the index. For these records,
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SVM, logistic regression, and K-means classifiers were used to make predictions on the test
data set. Precision, recall, F-score, accuracy, and specificity have been calculated for each
classifier. The results are plotted in Figure 2.
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Fig. 2: Performance of SVM, logistic regression and K-Means classifiers for linking records from the
genealogy to the archive measured in different metrics.

For the SVM predictions, precision and recall were both at 91%, making it the best classifier
when focusing on precision and recall, as seen in the F-score. While it had the lowest value
for specificity, showing its lower efficiency for recognizing non-matches, it did not exclude
as many true matches as K-Means.

Logistic regression classification lies between SVM and K-Means regarding all considered
metrics, making it a useful trade-off between the qualities of the other two classifiers.

The K-Means classifier gives the highest precision with 97%, meaning that it had the highest
ratio of correctly predicted true matches. It also had the highest specificity, meaning that it
also had the highest fraction of predicted non-matches that were true non-matches. Although
it was good in classifying matches and non-matches, it had the lowest recall, so it did find
the least true matches in the data set. From all three classifiers, it had the lowest accuracy,
so the least overall correct predictions.

Overall, the highest difference in classification quality of all selected classifiers can be found
in the recognition of non-matches while precision and accuracy only vary by 6%.
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6 Discussion

The reduction ration of more than 99% shows that many potential pairs have been removed
right from the start and also reduced the number of non-matches a lot. Additionally, the
reduction also impacted the amount of data that becomes relevant for labeling. However,
doing so also reduced the number of non-matches in the training set, causing a class
imbalance where there are almost twice as many matches as non-matches.

This class imbalance is likely also the reason why K-Means has the lowest accuracy, although
it has the highest precision and specificity. The biggest issue with K-Means seems to be due
to too many false negatives, which is also why it has the lowest recall.

SVM on the other hand seems to have more trouble recognizing non-matches, which is
why it has more false positives, thus decreasing precision, but also improving recall. In
cases where correct recognition of matches are more important than gathering as many
correct matches and non-matches, K-Means might be a little more helpful. However, for
the case of matching records of the genealogy to the archive, this is less critical. While
Logistic regression gives a trade-off between all metrics, having more of the actual matches
is desirable for the selected data sets.

Another issue with the data might be loading all dates as strings and having the dates in
these recognized automatically, which might introduce some errors in cases where the date
was not correctly identified in the text. Finally, there could be errors in the data itself which
even the record linkage approaches cannot solve. Especially in data sets that have been
created by a human, some of the errors might be too severe to fix them in a rule-based
manner.

7 Conclusion and Outlook

In this work, we applied record linkage methods on two data sets for historical German VET:
The genealogy of vocational education and the occupations archive. While the genealogy
data set gives an overview over which occupations and successors of them exist, the
occupations archive is supposed to contain a legal regulation for each of the records in the
genealogy.

Here, three classifiers that separate record pairs into matches and non-matches have been
trained and evaluated: SVM, logistic regression and K-Means. While K-Means was able
to be very precise in recognizing matches, there were still many matches that have not
been recognized at all. SVM on the other hand was able to find many correct matches, but
also allowed for too many false positives and could not recognize non-matches as good as
K-Means. The performance of logistic regression lied between the other two classifiers.
Additionally, there is still a major class imbalance in the data sets where there are nearly
twice as many record pairs that are matches than pairs with non-matches

1062 Thomas Reiser et al.



In future research, more training data and features as well as potentially optimized indexing
algorithms could improve the results. Approaches like this can help identify gaps in the
occupations archive where certain regulation documents should exist but cannot be found
in the archive records. On the other hand, an actively maintained archive could also help
identifying errors and gaps in the genealogy, so each of the complementary data sets could
be used to refine the other. Additional approaches that remain to be investigated is the
training of deep neural networks which could also be trained on the generated features.
Large language models might also be subject of future research due to their capability of
handling natural language data. As the focus of this research was based on methods that are
natively supported by the recorldlinkage toolkit [De19], these methods are not part of our
presented method.

It also remains to investigate record pairs that have not been classified correctly to further
identify challenges in this approach when working on labor market data. Although the
classifiers are able to give good results, there are some challenges like title names in the
archive that can be very long and only contain a short substring with an occupation that can
be mapped to the genealogy. The approach also relies on a field in the archive that stores
the occupation name which is quite specific for such a data set. Information like this where
some keywords are given in such a structured format might not be applicable for all archives.
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